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ABSTRACT 
 
 
 
In this dissertation, I systematically investigate the impacts of large-scale growth of 
bioenergy crops on water and energy balance and coupled carbon and nitrogen dynamics in the 
US.  To achieve this objective, I apply and extend a coupled biogeochemical and biogeophysical 
model, the Integrated Science Assessment Model (ISAM), to develop a dynamic crop growth 
model for specific row crops (corn and soybean) and bioenergy grasses (Miscanthus, Cave-in-
Rock and Alamo switchgrasses).  The dynamic crop growth model in ISAM accounts for crop-
specific phenology development, carbon and nitrogen allocation between leaf, stem, and 
roots/rhizome, vegetation structure development (leaf area, canopy height and root depth and 
distribution), crop-specific N cycling (such as biological N fixation by Miscanthus, spring and 
winter N translocation for bioenergy grasses etc.), and agricultural management practices (e.g. N 
fertilizer, planting and harvest, irrigation etc.) as well as their interactions with environmental 
factors (temperature, water, light, nutrient variability). This extended ISAM is used to address 
the following questions: (1) How do biomass yields of bioenergy grasses (Miscanthus, Cave-in-
Rock and Alamo switchgrasses) spatially and temporally vary with spatial and temporal 
variability of environmental conditions (climate, soil water and nutrient availability, etc.) in the 
US; (2) what is the interplay between bioenergy grass production and water quantity and quality 
in the US; (3) what is the potential net ecosystem carbon exchange (NEE) and N2O emission 
with the expansion of bioenergy grasses in the US; and (4) how does application of N fertilizer 
affect NEE and N2O emission with the expansion of bioenergy grasses in the US. 
Chapter 1 includes a brief introduction to the overall objectives and content of this 
dissertation. Chapter 2 introduces the extended version of ISAM, which includes dynamic crop 
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growth processes such as the crop specific phenology scheme, dynamic carbon allocation 
scheme, and dynamic vegetation structure simulation. The dynamic carbon allocation scheme 
accounts for light, water, and nutrient stresses while allocating the assimilated carbon to leaf, 
root, stem, and grain pools. The dynamic vegetation structure simulation captures the seasonal 
variability in LAI, canopy height, and root depth better than the previous version of ISAM.  The 
model also implements dynamic root distribution processes in soil layers, which simulates the 
root response of soil water uptake and transpiration more accurately than the previous version of 
ISAM. Observational data for LAI, above and below ground biomass, and carbon, water, and 
energy fluxes are compiled from two AmeriFlux sites, Mead, NE and Bondville, IL, to calibrate 
and evaluate the model’s performance. For the purposes of calibration and evaluation, we use a 
corn (C4)-soybean (C3) rotation system over the period 2001-2004. The dynamic crop growth 
simulation better captures the diurnal and seasonal variability in carbon and energy fluxes 
relative to the static simulation implemented in the previous version of ISAM. Especially, with 
dynamic carbon allocation and root distribution processes, the model’s simulated GPP and latent 
heat flux (LH) are in much better agreement with observational data compared to the static root 
distribution simulation. Modeled latent heat based on dynamic growth processes increases by 12-
27% during the growing season at both sites, leading to a 13-61% improvement in modeled GPP 
compared to the estimates based on the previous version of ISAM.  
In Chapter 3, I follow the methods from Chapter 2 to integrate the dynamic crop growth 
processes for Miscanthus and two different cultivars of switchgrass, Cave-in-Rock and Alamo, 
into ISAM, to estimate the spatial and temporal variations of biomass yields over the period 
2001–2012 in the eastern USA. The validation with observed data from sites across diverse 
environmental conditions suggests the model is able to simulate the dynamic response of 
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bioenergy grass growth to changes in environmental conditions in the central and southern USA. 
The model is applied to identify four spatial zones characterized by their average yield amplitude 
and temporal yield variance (or stability) over 2001–2012 in the USA: a high and stable yield 
zone (HS), a high and unstable yield zone (HU), a low and stable yield zone (LS), and a low and 
unstable yield zone (LU). The HS zones are mainly distributed in the regions with precipitation 
larger than 600 mm, and a mean temperature range of 292–294 K during the growing season, 
which are found in southern Missouri, northwestern Arkansas, southern Illinois, southern 
Indiana, southern Ohio, western Kentucky, and parts of northern Virginia. The LU yield zones 
are distributed in the southern parts of the Great Plains with water stress conditions and higher 
temporal variances in precipitation, such as Oklahoma and Kansas. The three bioenergy grasses 
may not grow in LS yield zones, including the western parts of the Great Plains due to extreme 
low precipitation and poor soil texture, and upper part of north central, northeastern, and 
northern New England due to extreme cold conditions. 
In Chapter 4, I apply the well-calibrated and validated ISAM to the eastern and central 
US to evaluate the interplay between potential bioenergy grass (Miscanthus, Cave-in-Rock, and 
Alamo switchgrass) production and water quantity and quality. Our results suggest that certain 
regions could achieve high and stable biomass productivity in tandem with decreased demand for 
land and water on a per unit of ethanol production. These regions, primarily occupied by crops 
and forests, include the southern Midwest for Miscanthus, the northern Midwest for Cave-in-
Rock, and the southern US for Alamo. However, the estimated land area suitable for growing 
energy grasses is limited by either too dry or too cold environmental conditions in some specific 
regions, particularly for Miscanthus, despite Miscanthus having the highest biomass productivity 
and the lowest water consumption requirement among the grasses on a per unit of ethanol 
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production basis. One advantage of establishing bioenergy grasses is their ability to mitigate 
nitrogen leaching through decreased runoff and/or decreased inorganic nitrogen concentration in 
the soil water. Growing bioenergy grasses on croplands/grasslands consumes more water than 
the crops/grasses. Increase in ET can aggravate dry condition, which limits the bioenergy 
grasses’ productivity in the Great Plains. However, dry condition may not limit their productivity 
in other areas (e.g., the Midwest) due to root growth towards deeper, moister soils. 
In Chapter 5, I apply ISAM to estimate NEE and N2O emission with the growth of 
Miscanthus, Cave-in-Rock, and Alamo in the USA with and without application of N fertilizer, 
and with and without consideration of land cover and land use change (LCLUC). The model is 
further improved by implementing spatially varied N translocation rate and temporally varied N 
demand per unit of C assimilation for all bioenergy grasses and biological N fixation for 
Miscanthus. Implementation of these bioenergy grasses’ specific N dynamics improves the 
model’s ability to capture the response of biomass yields of bioenergy grasses to N fertilization 
especially in N-limited regions. The modeled belowground carbon stock in root and rhizome, 
soil respiration, NEE and N2O emission with the growth of bioenergy grasses are well evaluated 
with observational data, indicating that the model is basically able to capture multiyear 
variability in belowground carbon stock in root and rhizome, heterotrophic respiration, NEE and 
N2O emission, except for possible overestimated carbon and N2O emission during the year of 
establishment. 
 Over the time period 2000-2012, growth of bioenergy grasses with N fertilizer and with 
LCLUC acts as a 0.25 kgCm-2yr-1 carbon source in the eastern US. This carbon source is mainly 
contributed by LCLUC, which turns the bioenergy grass-soil system from a carbon sink to a 
carbon source due to a large amount of carbon emission with the conversion of existing forest 
	   vi	  
and grassland to bioenergy grasses. Unlike forest and grassland, conversion of cropland to 
bioenergy grasses is close to C neutral but with large spatial variability. For example, the 
bioenergy grass-soil system acts as a carbon sink in most parts of the southern Midwest, the 
South Atlantic and the Middle Atlantic. Application of N fertilizer is able to slightly mitigate 
carbon emission to the atmosphere with the growth of bioenergy grasses, but significantly 
increases N2O emission. In contrast, the effect of LCLUC on N2O is not significant. Conversion 
of forest to bioenergy grass decreases N2O emission due to input of difficult-to-decompose 
woody litter, whereas conversion of grassland to bioenergy grass increases N2O emission due to 
input of easily decomposed litter.  
Finally, Chapter 6 provides an overall summary and direction for further work related to 
research presented in this thesis. 
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CHAPTER 1 
 
INTRODUCTION  
 
1.1 OVERALL OBJECTIVES 
Concerns about energy security and climate change have led to interest in biofuels for 
transportation in the US. The US is the largest producer of biofuels in the world 
(http://www.eia.gov/cfapps/ipdbproject/IEDIndex3.cfm?tid=79&pid=79&aid=1) and corn grain, 
is currently the predominant feedstock for ethanol in the US (Heaton et al., 2008). The US is 
currently converting nearly 40% of its corn production into 14 billion gallons per year of corn 
ethanol. Further increases in biofuel production are anticipated to be obtained from cellulosic 
feedstocks as mandated by the Renewable Fuel Standard (RFS). The RFS, established by the 
Energy Independence and Security Act, 2007 mandates that least 16 billion gallons per year be 
produced from cellulosic biofuels by 2022 (Schnepf and Yacobucci, 2013).  
To accomplish RFS target, considerable research is currently underway on high-yielding 
biomass sources that could provide biomass for large-scale cellulosic biofuel production in the 
US, such as crop residues and different types of bioenergy crops. Among these possible 
feedstocks, two perennial crops, switchgrass (Panicum viragatum) and Miscanthus (Miscanthus x 
giganteus), have been identified as the best second-generation cellulosic feedstocks for low-input 
and high dry matter yield per hectare in the US and Europe (Gunderson et al., 2008; Heaton et 
al., 2008; Lewandowski et al., 2003). Miscanthus is a C4 perennial rhizomatous grass in Europe 
and recently has been grown in field trials in the US (Heaton et al., 2004, 2008). Switchgrass is a 
C4 native warm-season grass from the US and has historically been used as forage. Based on 
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their varied adaptability to edaphic conditions, switchgrass cultivars are usually divided into 
upland and lowland forms. Upland cultivars, such as Cave-in-rock from Southern Illinois, are 
more adapted to middle and northern latitudes. Lowland cultivars, such as Alamo from Texas, 
grow better in lower latitudes (Parrish and Fike, 2005). 
While these bioenergy crops have potential to help meet future energy demand, the extent 
to which this potential can be realized will depend on the biophysical potential to grow these 
bioenergy crops while minimizing the diversion of land from current land use for other purpose 
(e.g. food production, wood production, etc). Moreover, the potential of bioenergy crops to 
mitigate climate change through decreased fossil fuel consumption can be changed, depending 
on the impact of the large-scale cultivation of bioenergy crops on albedo, evapotranspiration 
(ET), and ecosystem-atmosphere greenhouse gases (GHGs) exchange (Kicklighter et al., 2013; 
Le et al., 2011; Georgescu et al., 2011; Hallgren et al., 2013). Despite efforts to estimate the 
potential productivity of bioenergy crops (Thomson et al., 2009; Jager et al., 2010; Jain et al., 
2010; Zhuang et al., 2010) and their climate effects (Kicklighter et al., 2013; Le et al., 2011; 
Georgescu et al., 2011; Hallgren et al., 2013), there are still considerable uncertainties about 
whether bioenergy crops can be sustainable in the long term and how their climate effects will 
vary spatially and temporally. The uncertainties come from our incomplete understanding of 
interactions of expanded bioenergy crop production with terrestrial water and energy balance and 
carbon and nitrogen dynamics.  
Expansion of bioenergy crops affects terrestrial water and energy balance through changes 
in stomatal behaviors, root depth, leaf area index, canopy architecture, and growing season 
length (Skiles and Hanson, 1994; Gerten et al., 2004). Also, expansion of bioenergy crops can 
affect carbon and nitrogen cycles through change in photosynthetic carbon assimilation, 
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aboveground and belowground carbon partitioning, litter quality and quantity, N demand, N 
uptake and remobilization ability (Melillo et al., 2009; Cadoux et al, 2012; Hallgren et al. .2013). 
These biogeophysical and biogeochemical effects of specific bioenergy crop change albedo and 
exchange of water, CO2 and N2O fluxes between the land surface and atmosphere, leading to 
possible change in global and regional surface energy budget and precipitation pattern (Jackson 
et al., 2005; Georgescu et al., 2011; Vanloocke et al., 2010; Anderson-Teixeira et al., 2013; 
Hallgren et al., 2013). Moreover, the biogeophysical and biogeochemical effects of specific 
bioenergy crops can change soil water quantity and quality and nutrient availability (McIsaac et 
al. 2010; Le et al., 2011; Arundale et al., 2013), which may in turn impact growth of bioenergy 
crops in the long term.  
To date, the implication of bioenergy grasses on water balance, in terms of 
evapotranspiration ability, runoff, soil water quantity and quality has been evaluated at particular 
sites (Hickman et al., 2010; McIsaac et al., 2010; Le et al., 2011; Wagle et al., 2012; Zeri et al., 
2013), a watershed (Schilling et al., 2008; Ng et al., 2010), or a small region (Vanloocke et al., 
2010). These studies indicate higher evapotranspiration and thus less soil water quantity and N 
leaching when converting row crops/grassland to bioenergy grasses. However, quantifying these 
effects is still uncertain and spatially and temporally varies with climate and soil condition, age 
of bioenergy crops and management practices (e.g. N fertilizer). Also, the implication of 
converting forest to bioenergy grasses is rarely evaluated. A site-level experiment study (Barney 
et al., 2009) indicates the ability of bioenergy grasses to mitigate water stress through increased 
carbon allocation to root at the cost of shoot growth. However, this progressive water-vegetation 
feedback has rarely been considered when assessing the interactions between bioenergy grasses 
production and soil water quantity and quality across the US. 
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Site-level studies (Skinnerand and Adler, 2010; Anderson-Teixeira et al., 2013; Zenone et 
al., 2013) have reported observed net ecosystem carbon exchange (NEE) of bioenergy-soil 
system, which is defined as the results of subtracting heterotrophic respiration (Rh) and harvested 
aboveground carbon from net primary productivity (NPP) of bioenergy crops. These studies have 
suggested that growing Miscanthus on cropland and switchgrass on pasture land act as a carbon 
sink for atmospheric CO2, whereas growing switchgrass on cropland and conversion of grassland 
to switchgrass can be either a source or sink for atmospheric CO2 (Skinner and Adler. 2010; 
Anderson-Teixeira et al., 2013; Zenone et al., 2013). These observations are only for young 
bioenergy grasses (plant age = 2-4 years), and the long-term carbon balance of bioenergy grasses 
system is still uncertain. Moreover, extrapolating these findings to a regional scale is unrealistic 
since NEE spatially varies with soil and climate conditions, agricultural management practices 
etc. While few modeling studies (Davis et al., 2012; Qin et al.  2012; 2013) have explored the 
GHG emission implications of growing Miscanthus and switchgrass on the US Midwest 
cropland, the large-scale assessment of NEE with conversion of grassland or forest to bioenergy 
grasses is still lacking. Direct carbon emissions associated with land use change from natural 
vegetation to food crops, which are currently utilized for the production of ethanol fuel (e.g. 
corn, soybean, palm etc.), have been found to turn the bioenergy crops system to a larger carbon 
source over longer period of time (Fargione et al., 2008; Searchinger et al., 2008; Elshout et la, 
2015). However, the impact of land use cover conversion for bioenergy grasses production on 
direct carbon emissions has not been widely addressed.  
Both field observations and model studies have reported decreased N2O emission with 
conversion of cropland to bioenergy grasses due to decreased application of N fertilizer (Adler et 
al., 2007; Robertson et al., 2001; Davis et al., 2009; 2012; Ahlschwede et al., 2013; Qin et al. 
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2013; Smith et al., 2013). However, lack of N fertilizer has been found to decrease long-term 
biomass productivity of Miscanthus and switchgrass (Muir et al., 2001; McLaughlin and Kszos, 
2005; Thomason et al., 2005; Lemus et al., 2008; Haque et al., 2009; Arundale et al., 2014), 
which may have further impacted the carbon sequestration ability of bioenergy grass-soil system 
(Chamberlain et al., 2011).  To our knowledge, only one study (Qin et al., 2013) has explored the 
effect of N fertilizer on NEE and N2O emission with growing Miscanthus/switchgrass over the 
cropland in the Midwest. Thus, the implication of N fertilizer on the tradeoff between NEE and 
N2O emission with expansion of bioenergy grasses still needs to be addressed, especially in the 
N-limited region (e.g. southeastern US). 
The overarching objective of this research is to develop a fully coupled modeling 
framework to improve our understanding of the impacts of large-scale growing bioenergy crops 
on water and energy balance and coupled carbon and nitrogen dynamics in the US. In detail, I 
would like to answer the following questions: 
Ø How do biomass yields of bioenergy grasses (Miscanthus, Cave-in-Rock and Alamo 
switchgrasses) spatially and temporally vary with spatial and temporal variability of 
environmental conditions (e.g. climate, soil water and nutrient availability etc) in the US 
(The question is answered in Chapter 3)? 
Ø What is the interplay between bioenergy grass production, water quantity and quality in 
the US (The question is answered in Chapter 4)? 
Ø What is the potential NEE and N2O emission with the expansion of bioenergy grasses in 
the US (The question is answered in Chapter 5)? 
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Ø What are the implications of N fertilization and land cover and land use change (LCLUC) 
on NEE and N2O emissions with the expansion of bioenergy grasses in the US (The 
question is answered in Chapter 5)? 
1.2 OVERALL OBJECTIVES 
The specific model used to address these questions is the Integrated Science Assessment 
Model (ISAM). ISAM is a coupled biogeochemical and biogeophsycial model, which can 
calculate carbon, nitrogen, energy and water fluxes at 0.5°×0.5° spatial resolution and at hourly 
temp steps (Jain et al., 2009; Yang et al., 2009; Barman et al., 2013a,b). The original model was 
mainly developed to assess the biogeophyscial and biogeochemical effects of natural vegetation 
at a global scale (Jain et al., 2009; Baraman et al., 2013a, b; El-Masri et al., 2013). The crop was 
assumed to be generic and perform as native grass. Thus, no crop-specific phenology, carbon 
allocation and structure development (e.g. leaf, root and stem) and agricultural management 
practices (e.g. N fertilization, irrigation etc) had been considered in original version of the model. 
However, since the objective of my research is to assess potential implication of bioenergy crop 
production on water and energy balance and carbon and nitrogen dynamics in the US, simulating 
different biogeophyscial and biogeochemical characteristics of crop species and their interactions 
with environmental conditions must be implemented in the ISAM. Therefore, I extend the ISAM 
model by developing a dynamic crop growth model for specific row crops (corn and soybean) 
and bioenergy grasses (Miscanthus, Cave-in-Rock and Alamo switchgrasses). Here corn and 
soybean are the main C4 and C3 crop types in the US and have been used for both food and 
biofuel production in the US. Miscanthus and two cultivars of switchgrasses (Cave-in-Rock and 
Alamo) are potential cellulosic bioenergy crops in the US. The dynamic crop growth model 
accounts for crop-specific phenology development, carbon and nitrogen allocation between leaf, 
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stem and roots/rhizome, vegetation structure development (leaf area, canopy height and root 
depth and distribution), crop-specific N cycling scheme (such as biological N fixation (BNF) by 
Miscanthus, spring and winter N translocation for bioenergy grasses etc.), agricultural 
management practice (e.g. N fertilizer, planting and harvest, irrigation etc.) as well as their 
interactions with environmental factors (temperature, water, light, nutrient variability). I will 
give detailed description about specific model structure, model calibration and validation with its 
application in the following chapters. The specific contents and objectives of individual chapters 
are as follows: 
Ø Chapter 2: Description of carbon and nitrogen cycling and energy and water balance 
processes and implemented dynamic crop growth processes in ISAM, in terms of 
dynamic carbon allocation, specific phenology development scheme for row crops, and 
vegetation structure growth; evaluation of model performance on energy, water and 
carbon fluxes with observed leaf area index (LAI), biomass and carbon, water, and 
energy fluxes from AmeriFlux sites under a corn-soybean rotation system. 
Ø Chapter 3: Description of specific phenology scheme and carbon allocation for bioenergy 
grasses (Miscanthus, Cave-in-Rock and Alamo switchgrasses); calibration of bioenergy 
grass-specific parameters for carbon allocation and vegetation structure development 
processes; evaluation of ISAM-calculated carbon assimilation rate, LAI and 
aboveground/belowground biomass yields for three bioenergy grasses with observed data 
across the US scale; estimation of spatial and temporal biomass yield patterns for 
bioenergy grasses in the US and comparing ISAM estimated biomass yields with other 
published studies.  
8 	  	  
Ø Chapter 4: Description of improved hydrological cycle processes, in terms of 
parameterization of soil boundary layer with spatial bedrock depth distribution data and 
the root effects on soil structure and soil hydraulic conductivity; evaluation of the model 
performance on simulating evapotranspiration (ET), soil moisture and N leaching (NL) 
with observed data for three bioenergy grasses; estimation of the potential demand of 
land and water consumption on a per unit of ethanol production basis, the progressive 
interaction between soil water quantity and biomass production over time and the spatial 
change in soil water quantity and quality of bioenergy grasses relative to the existing 
vegetation. 
Ø Chapter 5: Description of improved specific N dynamics for bioenergy grasses; 
calibration and validation of model performance on response of biomass yields to N 
fertilizer, litter decomposition, NEE and N2O emission with growth of bioenergy grasses; 
estimation of NEE and N2O emission with the expansion of bioenergy grasses in the USA 
Ø Chapter 6: Summary of the main foundings in this thesis and future work to be further 
explored. 
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CHAPTER 2 
 
IMPLEMENTATION OF DYNAMIC CROP GROWTH PROCESSES IN A LAND 
SURFACE MODEL: EVALUATION OF ENERGY, WATER AND CARBON FLUXES 
UNDER CORN AND SOYBEAN ROTATION 
 
2.1. INTRODUCTION 
Increasing global food demand accelerates deforestation in areas suitable for modern 
agriculture. Today, croplands and pastures have become the two largest terrestrial biomes, 
accounting for about 40% of the planet’s land surface (Foley et al. 2005). Additionally, demand 
for biofuels might exacerbate the expansion of croplands in the coming decades. In 2004, about 1% 
of global cropland was being used for biofuels, and this share might increase 3 to 4 times by 
2030 (FAO, 2008).   
This rapid transformation of landscape can impact the climate by altering carbon, water 
and energy fluxes (Sellers, 1992; McGuire et al., 2001; Matthews et al., 2004; Sitch et al., 2005; 
Brovkin et al., 2006; Bonan, 2008). While the climate is affected by the expansion of agricultural 
land, climate change simultaneously affects agriculture. Many crops show positive responses to 
elevated carbon dioxide and low levels of warming, but higher levels of warming often 
negatively affect growth and yield (Hatfield et al., 2008; Kucharik and Serbin, 2008; Urban et al., 
2012).  
The overall aim of this chapter is to implement and evaluate dynamic crop growth 
processes in ISAM (Jain et al., 2009; Yang et al, 2010; El-Masri et al., 2013), to understand and 
address the interactions between C3/C4 crop growth, seasonal dynamics of carbon, water, and 
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energy fluxes. Our implementation focuses on the corn–soybean rotation, which is the most 
common crop rotation practice in the USA (Nafziger, 2012).  
A number of land surface models incorporated advanced representations of croplands to 
simulate the relationship between crop production, land surface characteristics, and energy and 
water cycles (Tsvetsinskaya et al., 2001; Kucharik & Brye 2003; Gervois et al., 2004; Bondeau 
et al. 2007; Osborne et al. 2007; Lokupitiya et al. 2009; Van den Hoof et al., 2011). 
Tsvetsinskaya et al. (2001) made the first attempt to integrate a corn simulation model into a 
physical and soil hydrological model, Biosphere-Atmosphere Transfer Scheme - BATS 
(Dickinson et al., 1993). The coupled model was able to capture the seasonal change in leaf area 
index (LAI) for corn and the results demonstrate its importance for the calculation of the surface 
fluxes of heat, moisture and momentum. The IBIS was extended to include crops (Donner and 
Kucharik, 2003) and validated and applied to simulate crop yields, water and energy balance and 
impacts of agricultural management (Kucharik, 2003; Sacks and Kucharik, 2011). Gervois et al 
(2004) implemented a crop simulation model (STICS) (Brission et al, 2002) in the ORCHIDEE 
land surface model (Krinner et al, 2005) to simulate winter wheat and maize at two sites in 
Western Europe and two sites in the US. Bondeau et al. (2007) implemented a dynamic 
representation of carbon allocation, phenology and management practices for a number of crops 
into Lund-Potsdam-Jena (LPJ) Dynamic Global Vegetation Models (DGVMs) (Sitch et al., 
2003). Lokupitiya et al. (2009) developed crop-specific phenology and coupled them to SiB 
(Sellers et al., 1996a, b). Van den Hoof et al. (2011) implemented dynamic crop growth structure 
and phenology into JULES-SUCROS (Cox et al., 1999) to study the impact of interactive effect 
of wheat structure and phenology on land–atmosphere interactions. Most recently, the carbon 
allocation and phenology algorithms for corn, soybean and temperate cereals of the Agro-IBIS 
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model (Kucharik and Byre, 2003) were introduced into the Community Land Models (CLM’s) 
(Lawrence et al. 2012) to examine the effects of managed crops on the climate (Levis et al., 
2012).  
This paper builds upon and extends the approaches of the studies discussed above into 
ISAM, which has been extensively used in various model inter-comparison studies (Hunzinger et 
al., 2012; Richardson et al., 2012; Schaeffer et al., 2012; De Goncalves et al., 2013; Kauwe et al., 
2013). While we use a similar carbon assimilation, energy and hydrological modeling approach, 
we implement new algorithms to simulate the following processes: (i) crop growth and biomass 
allocation in five phenological stages, distributing assimilated carbon among above and below 
ground parts depending upon both the accumulated heat and resource availability, such as light, 
water, and nutrient (e.g., nitrogen); (ii) development of vegetation structures (LAI, canopy height 
and root depth) based on accumulated carbon mass in leaf, stem and root pools; (iii) root density 
at different depths of soil in response to available soil moisture; and (iv) different  abscission 
rates for fresh and old dead leaves.  
The newly implemented algorithms, which are described in detail in section 2.2.2, differ 
in many ways from the algorithms considered in previous crop growth modeling studies, some of 
which are discussed above. For example, while the classification of different phenology stages 
and LAI in the ISAM and most of the other models discussed above are determined according to 
the fraction of accumulated heat units, the extended version of the ISAM model also considers 
additional phenology stages, such as silk emergence. This allows accounting for the impact of 
water stress on crop yield at a critical stage for grain production. Agro-IBIS, SiB-CROP, and the 
standard ISAM estimate LAI based on leaf carbon by multiplying leaf biomass carbon by 
specific leaf area (SLA). The extended ISAM further makes a distinction between the green LAI 
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and the standing dead LAI in LAI simulation. The standard ISAM and SIB-Crop simulate the 
variation of the allocation fractions with cumulated heat units. Adding to this, the extended 
ISAM further simulates the responses of the allocation fractions to other environmental factors, 
including water, light and nutrients availability. While the extended ISAM adopts the STICS-
ORCHIDEE and JULES-SCUROS algorithms to calculate the root growth and canopy height, it 
also calculates vertical and horizontal root growth in soil layers in response to available soil 
moisture. Overall, unlike crop simulation schemes in other land surface models discussed above, 
the dynamic crop growth processes implemented in the extended ISAM account for the coupling 
between carbon biomass dynamics of leaf, stem, root and grain and vegetation structure (LAI, 
canopy height and root depth and distribution), as well as environmental factors (temperature, 
water, light, nutrient) variability. 
Following the implementation of the new processes, the model parameters were 
calibrated and model performance was evaluated using observational data (LAI, biomass, and 
carbon, water and energy fluxes) from two AmeriFlux sites (Mead, NE and Bondville, IL) under 
a corn-soybean rotation system. 
2.2 MODEL DESCRIPTION 
ISAM is a coupled biogeochemical and biogeophysical model with 0.5° x 0.5° spatial and 
hourly temporal resolution (Jain et al., 2009; Yang et al., 2009; El-Masri et al., 2013). Each grid 
cell is occupied by a combination of fractional vegetation, bare soil, and ice (Meiyappan and Jain, 
2012). Here we add two crop functional types (corn and soybean) into the model. The model is 
driven by the following climate variable at hourly/half-hourly time step: mean surface air 
temperature, precipitation rate, incoming shortwave radiation, incoming long-wave radiation, 
wind speed, and specific humidity. There are sunlit and shaded canopies, 10 hydrological and 
13 	  	  
thermal active soil layers, 5 hydrologically inactive and thermally active bedrock layers, 7 
vegetation pools and 8 litter and soil organic matter (SOM) pools in the ISAM (Yang et al., 2009; 
El-Masri et al., 2013). Carbon assimilation and heat and water fluxes are calculated through 
coupled canopy photosynthesis and energy and hydrological processes. Carbon assimilation is 
allocated into vegetation, litter and soil organic matter (SOM) pools. The C cycle is then coupled 
with complete N cycle. The N dynamics in the model accounts for major N processes, including 
N deposition, N fixation, N mineralization, N immobilization, nitrification, denitrification and 
leaching (Yang et al., 2009). 
The model variables, parameters, and equations are given in Tables A1 and A2.  
2.2.1 Coupled canopy photosynthesis, energy and hydrological balance processes 
Carbon assimilation rates, energy and water fluxes are calculated by coupling a leaf 
temperature, photosynthesis and stomatal conductance model (Dai et al., 2004; Chen et al., 2010) 
with an energy and hydrological balance model (Dai et al., 2004; Oleson et al., 2004, 2008).  
The carbon assimilation model is composed of a variant of the Ball-Berry stomatal 
conductance model (Ball et al., 1987; Collatz et al., 1991), the C3 photosynthesis model 
(Farquhar et al., 1980; Collatz et al. 1991) and the C4 photosynthesis model (Collatz et al., 1991). 
The stomatal conductance is calculated as a function of net carbon assimilation rate, relative 
humidity and CO2 concentration at the leaf surface. The C3 carbon assimilation rate is co-limited 
by light availability, RuBisCO efficiency, and carbon compound export ability. The C4 carbon 
assimilation rate is co-limited by light availability, RuBisCO efficiency, and PEP-carboxylase 
availability. 
The CO2 compensation point for the C3 biome in the original ISAM is calculated as a 
function of O2 partial pressure and temperature-dependent RuBsiCO specificity for CO2 relative 
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to O2 (Dai et al., 2003). However, this method underestimates the compensation point during the 
beginning and end of growing season, resulting in higher gross primary production (GPP) than 
observed during these two stages of the growing season. Studies (Smith et al., 1976; Kennedy 
and Johnson, 1981) suggest that the compensation point for the young leaves is higher and 
decreases when the leaves grow, stays constant after their maturity, and increases again during 
senescence. Following Smith et al. (1976), we calculate the rate of change of compensation point 
as a function of leaf age.  
Temperature regulates carbon assimilation processes by multiplying temperature 
functions (Dai et al., 2003) with the maximum carboxylation	  rate	  at the reference temperature 
of 25℃ (Vcmax25). The effect of soil water availability on carbon assimilation is dependent on 
Vcmax25 and dark respiration and minimum stomatal conductance (Oleson et al. 2008). 
Moreover, seasonal variation in Vcmax25 is calculated based on day length factor (Bonan et al., 
2011).  
Leaf level photosynthesis and stomatal conductance are separately scaled to the canopy 
level for sunlit and shaded leaves by using sun/shade canopy LAI fractions and scaling 
parameters to represent extinction of nitrogen and light through the vertical canopy (Dai et al., 
2004). Carbon cycle equations in the current ISAM are documented in El-Masri et al. (2013).   
Energy conservation of the soil-vegetation system in ISAM is calculated as the balance of 
absorption of net shortwave and long-wave radiation (Rn) by sunlit/shaded canopy and the 
ground, and emissions of sensible (SH) and latent heat (LH) fluxes from leaves and ground and 
soil heat fluxes (G). The net solar radiation is calculated by two-stream approximation (Sellers et 
al., 1996a), which dynamically calculates the interception, reflectance, transmission and 
absorption of direct and diffuse radiation by sunlit/shaded canopy and the soil (Dai et al., 2004). 
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The treatment of diffuse radiation in the “two-stream” scheme is based on Bonan et al. (2011) in 
order to reduce biases in shaded leaf photosynthesis. Vegetation optical characteristics (leaf/stem 
reflectivity and transmissivity, Table A1), canopy structure (expressed as leaf angle distribution, 
Table A1) and density (expressed as leaf area index (LAI) and stem are index (SAI)) 
dynamically control partitioning of canopy-intercepted radiation and ground-intercepted 
radiation, as well as partitioning of vegetation adsorbed net radiation between sunlit and shaded 
canopy. Sunlit canopy intercepts direct and diffuse radiation, whereas shaded canopy intercepts 
only diffuse radiation.  
Latent heat transfer to atmosphere is resolved using canopy transpiration, canopy 
evaporation from the intercepted precipitation water, condensation of evaporated water, dew 
formation, and ground evaporation; sensible heat is partitioned into ground and canopy 
components (Dai et al., 2003). ISAM also considers an additional soil resistance (Sellers et al., 
1992) and litter resistance (Sakaguchi et al., 2009) to the humidity transfer from ground to 
atmosphere. Convergence of aerodynamic properties from thick/thin canopies to that of ground 
is ensured based on Zeng and Wang (2007). Surface albedo is resolved into ground albedo (a 
function of soil color and wetness), exposed vegetation albedo (a function of leaf orientation, 
leaf/stem reflectivity and transmissivity, and ground albedo), and snow albedo (Zeng et al., 
2002). 
The hydrological cycle is coupled with the energy cycle through latent heat of 
evaporation from wet canopy and ground, transpiration from dry canopy, and water content-
adjusted soil heat conductivity. Canopy interception and throughfall of precipitation, infiltration 
and redistribution of soil water within the soil column, surface runoff and subsurface percolation 
are calculated using the formulations of Oleson et al. (2004, 2008). Canopy interception of 
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precipitation and dew formation, as a function of canopy density, determines the dry/wet fraction 
of the canopy and thus partitioning of evaporation and transpiration from leaves. These processes 
are coupled with a dynamic root distribution algorithm (Arora and Boer, 2003) and determine the 
soil water availability for root uptake and transpiration. The soil heat is modeled based on Fick’s 
equation (Dai et al., 2003), whereas the soil water flux is implemented based on Richard’s 
equations (Oleson et al., 2004). The thermal and hydrological properties for each soil layer are 
estimated based on soil liquid and ice water contents, soil temperature, soil texture and soil 
organic carbon (SOC) and gravel content (Lawrence et al., 2008).  
2.2.2 Implementation of dynamic crop growth processes in the ISAM 
The ISAM, as described by El-Masri et al. (2013), is extended to enable the explicit study 
of dynamic crop growth processes, specifically accounting for the effects of light, water, and 
nutrient stresses on C3 and C4 crop growth and water and energy fluxes under the soybean-corn 
rotation system. In particular, we implement crop-specific phenology schemes, dynamic carbon 
allocation processes, and dynamic vegetation structure growth processes (LAI, canopy height 
and root depth and distribution).  In the following, we describe each individual dynamic process 
as it has been implemented in the ISAM for the current study. 
2.2.2.1 Phenology development 
The crop phenology begins with the planting of seeds and ends with grain harvest. In 
between, the phenology is divided into five growth stages: emergence period, initial vegetative 
period, normal vegetative period, initial reproductive period and post-reproductive period.  
The planting date is determined when the following three conditions are satisfied 
simultaneously (Eq. A1): (1) the mean daily air temperature of the past seven consecutive days is 
greater than the base temperature (Tbase); (2) the mean daily soil temperature of the past seven 
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consecutive days is greater than the crop-specific critical soil temperature for emergence 
(Tsoilcritical); (3) the accumulated growing degree days above 0°C is greater than the crop-specific 
minimum value (GDD0min) (Eq. A1). At the time of planting, seeding rate is given as an input 
parameter based on field crop management. After planting, the transition of the different growth 
stages of phenology is determined by the heat unit index (HUI) and the accumulated days for 
each growth stage (Eqs. A2- A7). The HUI is 0 at planting time and 1 when crop matures. The 
required heat value and the total numbers of days for each growth stage are attained from 
published studies (Darby and Lauer, 2000; McWilliams et al., 2005; USDA-NASS, 2009; 
USDA-OCE, 2010). These values are further calibrated based on multiyear LAI from the Mead, 
NE AmeriFlux site (Verma et al., 2005). Moreover, the crop-specific maximum LAI (LAImax) is 
used as a threshold value to control crop growth development (Kim and Wang, 2005). When 
modeled LAI becomes larger than the threshold LAI, the modeled phenology is transitioned from 
vegetative to reproductive growth stage and leaves begin to turn brown and start falling (Eqs.A3- 
A7). The model also accounts for extreme cold and warm temperatures on crop yields. The effect 
of extreme cold temperature on yield, which is referred to here as the frost damage condition, is 
accounted for by assuming 100% loss of yield. This condition is activated any time after 
emergence stage when the mean daily temperature for five consecutive days falls below 273.2K 
(Darby and Lauer, 2000) (Eq.A8).  
As a plant with separate male and female flowering parts, the ear represents the female 
flower of the corn plant. The silks are the functional stigmas of a corn plant, which collect pollen 
and transmit the male genetic material to ova and produce viable kernels. Silk emergence from 
the ear shoot is a critical process in the production of corn grain (Aldrich et al., 1986). When 
severe drought stress occurs, silk emergence is delayed during the reproductive period.  This 
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effect severely decreases corn yields. This effect is triggered in the model when the following 
two conditions are met simultaneously (Eq. A9): (1) the mean daily temperature of three 
consecutive days reaches above 303.2 K (Shaw, 1988; Edreira and Otegui, 2012), and (2) the 
mean water stress index of three consecutive days is lower than 0.5. Finally, the crops are 
harvested when they mature (i.e., HUI=1.0). 
2.2.2.2 Carbon allocation 
Assimilated carbon in leaves is allocated to stems, roots and grain. The leaf component is 
divided into photosynthetically active (green leaves) and dead (senescent) leaves. Initial carbon 
is determined based on the amount of carbon stored in the seeds (Eq. A10). During the 
emergence time, carbon stored in the seed is allocated to the leaf and root based on thermal 
conditions (Eq. A11). The carbon assimilation through photosynthesis allocates carbon to each 
vegetation pool (leaf, stem, root and grain) (Eqs. A18-21). Part of the assimilated carbon is lost 
through respiration (Eq. A12). Maintenance respiration for each vegetation pool is calculated as 
a function of carbon amount, the C:N ratio and temperature-depended respiration coefficients 
(Eq. A13) (Sitch et al., 2003). Temperature-depended respiration coefficients are calculated 
based on a specified respiration rate at 20 ℃ and a Q10 temperature function (Arora, 2003) (Eq. 
A14). The Q10 values for leaf, stem and root respiration are calculated as a function of leaf, stem 
and soil maintenance temperature, respectively (Arora and Boer, 2003) (Eq. A15). The growth 
respiration is assumed to be 25% of the remainder after removing maintenance respiration from 
GPP (Eq. A16). The partitioning of the growth respiration into each vegetation pool follows the 
fraction of carbon amount in each vegetation pool (Eq. A17). 
The net assimilated carbon (GPP minus maintenance and growth respirations) allocated 
to leaf, stem, root and grain pools is a dynamic process based on temperature, water availability, 
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light and N to alter the carbon allocation fractions dynamically at each model time step (Eq. 
A22). The objective of this allocation scheme is that the allocation of carbon into leaves, stems, 
and roots are adjusted to minimize adverse effects of limited availability of light, water, and 
mineral nitrogen.  Accordingly, more carbon is allocated to roots when soil moisture and mineral 
N are limiting, or it is allocated to stem and leaf when the increase in leaves results in a decrease 
in light penetrating the canopy (Arora and Boer, 2005; Salter et al., 2003). This dynamic 
allocation approach is similar to that of Friedlingstein et al. (1999) and Arora and Boer (2005), 
except that carbon allocation factors for the different stages of phenology vary with HUI 
(Eqs.A18-26) based on Penning de Vries et al. (1989). 
During the vegetative period, allocated carbon in the green leaf and stem increases with 
HUI in order for the canopy to build and capture increasing amounts of radiation (Eqs. A19 and 
A25). No new carbon is allocated to the green leaf pool in the initial and post reproductive period. 
Instead, the leaf pool loses carbon through maintenance respiration (Eq. A26), and the carbon is 
allocated to grain with increasing HUI to increase grain filling during the initial reproductive 
period (Eq. A26). However, no C is allocated to corn grain if the silk emergence is delayed under 
drought conditions.  
The transition from vegetative to reproductive period initiates the process of leaf 
senescence. During this period, green leaf carbon is reduced, leading to reduced photosynthetic 
carbon fixation. The conversion of green leaf to dead leaf carbon occurs at death rates that vary 
due to drought or cold conditions following the formulations of Arora and Boer (2005) (Eqs. 
A27-30).  
During the post reproductive period, assimilated carbon is only allocated to grain and root 
pools (Eq. A21). If no green leaves exist before crop maturity, carbon stored in roots and stems is 
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partly reallocated to the grain pool to enhance the grain filling. In order to account for the effect 
of water stress on grain filling, the reallocation fraction factor is downscaled (Eq. A26).  
Finally, a dynamic allocation factor for each vegetation pool is modified to satisfy two 
conditions (Arora and Boer, 2005). The first is that there must be enough root and stem biomass 
to support leaf biomass (Eq. A31). The second condition is that a minimum root/shoot ratio must 
be available to maintain the structure of each crop type (Eq. A32). If the first condition is not 
satisfied, the carbon is allocated to root and stem. If the second condition fails to attain, carbon is 
allocated to root. A fraction of the carbon allocated to the vegetation pools can be lost as litter. 
Following Arora and Boer, (2005), conversion of the root and stem carbon to litter occurs at a 
fixed turnover rate (Eqs. A33-34). Conversion of dead leaves to litter occurs as a function of 
fresh dead leaves and accumulated dead leaves produced in previous time steps (Eq. A35). 
2.2.2.3 Calculation of LAI, canopy height and root depth  
Total LAI in the model is the sum of green and standing dead LAI, which is calculated as 
a function of total leaf carbon and specific leaf area (SLA), defined as leaf area per unit of leaf 
carbon mass (Eq. A36). The green LAI is calculated by multiplying the green leaf carbon masses 
by SLA (Eq. A37) and the standing dead LAI is calculated by subtracting green LAI from the 
total LAI (Eq. A38). Canopy height, which is used to parameterize atmospheric turbulence above 
the canopy in the model, is calculated by scaling the maximum canopy height (Hmax) with the 
accumulated aboveground biomass (Arora and Boer, 2005) (Eq. A39). Canopy height increases 
from 0 to Hmax with increased aboveground biomass. Root depth and root distribution in each 
soil layer  vary temporally and spatially with accumulation of root biomass (Arora and Boer, 
2003) (Eqs. A40-43). The parameter α appearing in equations (A41-42), which ranges from 0 to 
1, determines the rate at which root density varies horizontally and the root depth grows 
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vertically with increased root biomass (Arora and Boer, 2003). As α approaches 1, the more the 
roots tend to grow vertically. The parameter Dnorm_profile appearing in equations Eqs. (A41-42) 
determines the root distribution under no water stress. Since the allocation of assimilated carbon 
to root is sensitive to soil water availability (Eq.A21), ISAM-simulated root growth and 
distribution in each soil layer are dynamically sensitive to soil water availability within each soil 
layer according to Eqs. (A41-42). The reduced soil water content in the root zone induces water 
stress, which leads to increased carbon allocation to roots and thus rapid increasing of root 
biomass according to Eq. (A21). Following Eqs. (A41-42), both root depth and root density in 
each soil layer increase with increased root biomass.  
2.3. AMERIFLUX AND OTHER DATA SETS USED TO CALIBRATE AND 
EVALUATE THE ISAM 
2.3.1 Description of the site data 
Field data for corn and soybeans from two AmeriFlux eddy covariance flux tower sites, 
Mead, NE, and Bondville, IL, are used to evaluate the performance of the ISAM. The two sites 
represent typical environmental conditions for current corn and soybean cultivations. The Mead 
site is usually a water-limited site for corn and soybean cultivations, whereas the Bondville site is 
usually a site with enough water availability for corn and soybean cultivations. Here the Mead 
site is used for model calibration to capture the response of crop growth to dry condition. The 
Bondville site is used for model valuation. In detail, both sites have similar annual mean 
temperature averaged for the time period 2001-2004, which is around 284K at Mead, NE and 
285K at Bondville, IL. However, the annually accumulated precipitation averaged for the time 
period 2001-2004 at the Bondville, IL site (about 787mm) is about 183 mm higher than that at 
the Mead, NE site. About 60 mm of this difference is observed during June and July, when 
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precipitation is positively correlated with both corn and soybean yields. In addition, there are 
differences in soil characteristics at two sites. The Mead, NE site sits on deep silt clay loam 
(Suyker et al., 2004), whereas the Bondville, IL site sits on silt loam (Hollinger et al., 2005). The 
soils at the Mead site have lower water infiltration rate and lower plant-available water storage 
ability than the soil at the Bondville site. The corn and soybean in rotation have been planted at 
the Mead site since 2001 and at Bondville site since 1996. Corn is grown in odd years and 
soybeans are grown in even years. Weeds are controlled with herbicides, but no tillage or 
irrigation is used at either site (Meyers and Hollinger, 2004; Suyker and Verma, 2009). 
The hourly-measured carbon, heat and water exchanges between the atmosphere and 
canopy, and biweekly-measured LAI, leaf carbon, biomass and annual yield 
(ftp://cdiac.ornl.gov/pub/ameriflux/ data/Level2/Sites_ByName/Mead_Rainfed/) at the Mead 
rainfed site, Nebraska (41.18°N, 96.44°W) (Suyker et al., 2004), are used to calibrate the 
processes and parameters of the extended version of the ISAM model. Then we use the 
calibrated parameters along with AmeriFlux data from Bondivlle, Illinois (40.00°N, 88.29°W) 
(Hollinger et al., 2005) (ftp://cdiac.ornl.gov/pub/ameriflux/ data/Level2/Sites_ByName/-
Bondville/) to evaluate the model’s performance for carbon (GPP) and energy fluxes (net 
radiation (Rn) at the top of canopy, latent heat (LH) and sensible heat (SH) fluxes) between 
atmosphere and canopy at both diurnal and seasonal scale, and seasonal LAI.  
2.3.2 ISAM calibration and evaluation 
Calibrations of dynamic crop phenology, carbon allocation and vegetation structure 
growth (LAI, canopy height and root depth and distribution) processes are performed in five 
steps. First, the daily LAI data are calculated by interpolating biweekly measured LAI data. 
Second, the model is run with prescribed daily LAI to calibrate the initial carbon fraction 
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allocated to the leaf, stem, root and grain (Table 2.1). This is achieved by comparing observed 
and measured leaf carbon biomass, aboveground biomass and grain yield. Third, instead of using 
prescribed observed LAI, the model simulates the daily LAI. We then calibrate the parameters 
that are used in the dynamic phenology simulations (Table 2.1) by comparing modeled LAI and 
measured LAI data. These parameters are especially important for capturing seasonal variability 
in LAI and thus carbon and energy exchange between the canopy and atmosphere. Fourth, 
canopy height equation parameter, m (Table 2.1), is calibrated by comparing simulated and 
measured canopy height. Finally, the parameters used for the calculations of the dynamic root 
growth and distribution (Table 2.1), which have the strongest effect on both carbon and energy 
fluxes simulations under water stress condition, are calibrated by comparing the observed and 
calculated root biomass distribution. Since there is not much information available in literature 
about the root biomass distributions for corn and soybean for the growing seasons studied here, 
so we use corn root profiles measured for three specific dates in 1980 at the Mead site (Newell 
and Wilhelm, 1987) to calibrate root growth direction parameter (α) and root distribution 
parameter (Dnorm_profile) for corn. Due to the lack of site-specific climate forcing data in 1980, we 
use 1980 NLDAS-2 climate forcing data (Mitchell et al., 2004) to drive the model for this 
calibration. All other information, such as management seeding rate, planting time etc., is taken 
from Newell and Wilhelm (1987).  For soybean, we calibrate α and Dnorm_profile by comparing 
measured and modeled soil water content. Calibration is performed by minimizing the total sum 
of the squares of the difference between simulated and observed data for corn and soybean at the 
Mead, NE site. This is realized through automatic optimization using PEST, which is a nonlinear 
parameter optimization program and can be used with any model (Doherty, 2005).  
2.3.3 Model experiments  
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The site-specific climate and soil data are used in the following model experiments. The 
climate data for each site are obtained from AmeriFlux database. The soil texture data for each 
site are attained from Web Soil Survey (http://websoilsurvey.nrcs.usda.gov/). We spin-up the 
model for each site with a corn-soybean rotation under repeating site climate data from 2001 to 
2004 years for about 200 years until the soil temperature and moisture reach a steady state. Then, 
we run the model with site-specific planting and harvest times from 2001 to 2004 year to 
calibrate and evaluate the model performance. Due to a lack of measured energy balance closure 
at many sites (Wilson et al., 2002), we perform the energy balance closure correction according 
to Twine et al. (2000), which preserves the Bowen ratio: 
                                                                            𝑓 = (!"!!!!!!!)!!!!!! (!"!!!!!!! !!!)                                                                                                                                  Eq.2.1 
Where f is the correction factor. N is the total number of available data at hourly time 
intervals over two growing seasons for each crop. Thus, f shows an overall evaluation of energy 
balance closure over two growing seasons for each crop. The corrected LH or SH is calculated 
by multiplying the measured LH and SH fluxes with f. All the energy flux terms, except for 
storage energy term (S), are measured at the two sites. We assume S for the Bondville site to be 
14% and 8% of hourly Rn during the morning time (7:00-12:00 UTC) of growing seasons for 
corn and soybean, respectively (Meyers and Hollinger, 2004). This fraction of hourly S gradually 
reduces to 2% and 0% of hourly Rn by the end of 17:00 UTC. For the Mead site, Suyker and 
Verma (2010) have estimated the corrected energy fluxes for the period 2001-2006, which we 
apply here.  
2.3.4 Statistical analyses 
The continued hourly/half-hourly observed fluxes have non-random errors and biases 
(Williams et al., 2009). Therefore, the regression analysis is not an optimal way to analyze the 
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model performance. Instead, we use the refined Willmott’s index (Willmott et al., 2011) method 
to quantify the degree to which observed hourly GPP and energy and water fluxes are captured 
by the model. The range of refined Willmott’s index, dr, is from -1 to 1. A dr of 1 indicates 
perfect agreement between model and observation, and a dr of -1 indicates either lack of 
agreement between the model and observation or insufficient variation in observations to test the 
model adequately. The refined Willmott’s index is calculated as: 
dr = 1 − ( |P!!!!! − O!|) (2 |O! − O|)!!!!(2 |O! − O|)!!!! ( |P!!!!! − O!|) − 1                            if   |P!!!!! − O!| ≤ 2 O! − O!!!!                         if     |P!!!!! − O!| > 2 O! − O!!!!                                 Eq.2.2  
Here Pi and Oi are the individual modeled and observed data respectively. Ō is the mean 
of the observed values. N is the number of the paired observation and modeled data.  The |P!!!!! − O!| part (Eq.2.2) represents the sum of modeled error magnitude, and the 2 |O! −!!!!O| part (Eq.2.2) represents the sum of the perfect modeled deviation and observed deviation 
(Willmott et al., 2011). The Willmott index is a more advanced method to evaluate the land 
surface model performance than previously reported methods (e.g., Medlyn et al., 2005). Some 
of the statistical methods widely used to evaluate model performance with observed data, are 
Pearson correlation coefficient (r), coefficient of determination (r2), mean absolute error (MAE), 
root mean square error (RMSE), and others. These traditional methods, however, are not always 
optimal for evaluating the model-data agreement or disagreement. For example, r or r2 methods 
can indicate the overall linear covariation between data and model results, but needs to combine 
with the slope and intercept of the linear regression to evaluate the degree to which the observed 
results is captured by the model. Contrastingly, Willmott’s index is sensitive to differences 
between the measured and modeled values and itself can express the degree to how much 
measured variation can be captured by the model (Willmott, 1981). MAE and RMSE are 
dimensional measures of disagreement, thus are not independent of data scale and unit. However, 
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dr is a standardized measure of the model disagreement. It is able to calculate the difference 
between the magnitude of the mean model bias and the observed deviation. The Willmott’s index 
is similar to the model efficiency (ME), which can also estimate the proportion of model bias to 
measured deviation. However, dr is more natural measure of mean model bias than ME. Unlike 
ME, which expresses the model bias as the sum of squared differences between modeled and 
observed data and thus may upscale the modeled biases, dr expresses the model bias as the sum 
of absolute value of differences between modeled and observed data (Willmott and Matsuura, 
2005). Another advantage of the reﬁned Willmott index is that it is bounded on both the upper 
and lower ends. The refined index is with an easily interpretable lower limit of −1.0 and an upper 
limit of 1.0 (Willmott et al., 2011). Many other existing indices, including the original Willmott 
index (Willmott, 1981), are bounded at the top (usually by 1.0) but sometime lack a ﬁnite lower 
bound, which makes assessments and comparisons of poorly performing models difﬁcult. 
Here we calculated dr for hourly observed and modeled data, drh, to examine the degree 
to which the model represents the hourly variation in observed values. For the Bondville site, the 
half-hourly observed and modeled data were accumulated to hourly data and then used to 
calculate drh. We also calculated dr for daily mean observed and modeled data, drd, to examine 
the model performance at daily time scale. The comparison of drh and drd allowed us to evaluate 
model biases at these different time scales. 
In addition, instantaneous soil moisture measured at the AmeriFlux sites were used to 
evaluate the modeled soil moisture. 
2.4. RESULTS AND DISCUSSION 
2.4.1 Model calibration and evaluation  
2.4.1.1 Best fit model results for the calibration site 
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Figures 2.1a-f show the model-calibrated results for LAI, aboveground biomass and 
canopy height over the period 2001-2004 at the Mead, NE site. These figures suggest that the 
calibrated model is able to simulate dynamic phenology development, carbon allocation, LAI 
and canopy height growth processes over multiyear growing seasons at the Mead, NE site. The 
model also captures well the measured trends of root growth with soil depth during the growing 
season of 1980 for corn at the Mead site (ISAM-Dynamic case results in Figures 2.4a-c). 
Modeled best fit results with measurements for soil water content during the growing seasons for 
both corn and soybean years are shown in Figures 2.3e and j). 
Table 2.2 shows the Willmott indexes for hourly/daily obsedved and modeled GPP and 
energy fluxes (Rn, LH and SH) for the period 2001-2014. Figures 2.2a-h and 2.3a-j compare 
modeled and measured data for GPP and energy fluxes (Rn, LH and SH) for the period 2001-
2004.  The statistical analysis and direct model-data comparison results suggest that model’s 
estimated carbon assimilation and energy and water fluxes, with the exception of sensible heat 
flux, are in good agreement with observations at the Mead site. The relatively low drh and drd 
values are found for SH under corn and soybean rotation, suggesting that modeled results are not 
consistent with observations.  The possible reasons for the differences between the modeled and 
measured data at the Mead site are discussed together with the differences at the Bondville site in 
the section 2.4.1.2. 
2.4.1.2 ISAM results at the evaluation site 
Overall, the model estimated results for LAI, aboveground biomass, root biomass and 
canopy height over the time period 2001-2004 (Figures 2.1j, k and l) compare well with 
corresponding measured values at the Bondville, IL site, with a few exceptions. The model 
overestimates aboveground biomass (Figure 2.1k) by 30% and canopy height (Figure 2.1l) by 20% 
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for soybeans during the 2004 normal vegetative phenology stage (Julian days from 170 to 200). 
These results indicate that the model-calibrated parameters are not only able to simulate the 
dynamic LAI, phenology, carbon allocation and canopy height processes at Mead, but also able 
to capture seasonal variability in LAI, biomass and canopy height growth at the Bondville site. 
The model is also able to capture the basic daily variation in soil moisture for corn and soybean 
rotation during the growing period 2001-2004 at the Bondville site (Figures 2.3o, t), suggesting 
that the model parameterization for corn and soybean root profiles, which is calibrated based on 
the Mead site field data, can also be applied to other sites or regions with more suitable 
conditions than the Mead site for corn and soybean cultivations. As it does at the Mead site, the 
model captures well both measured diurnal and seasonal variability in GPP, net radiation and 
latent heat, but not sensible heat flux (Table 2.2, Figures 2.2i-p and Figures 2.3k-t). The possible 
reasons for these differences are discussed below.  
2.4.1.3 Model estimated biases in carbon and energy fluxes  
2.4.1.3.1 GPP 
The drh for GPP under corn and soybean rotation varies from 0.82 to 0.86 at both sites 
(Table 2.2), indicating that model estimated hourly GPP variations for most cases are consistent 
with the observations (Figures 2.2a, e, i, m). The model’s results for soybean GPP are improved 
by regulating CO2 compensation point with leaf age. To examine this effect, we perform an extra 
experiment (Model-LACO2), which does not consider the effect of leaf age on the CO2 
compensation point, and compare its results with the experiment with the consideration of the 
effect (Model+LACO2). The comparison (Figure 2.4) shows that the implementation of leaf age 
effect on the CO2 compensation point effectively reduces simulated soybean GPP not only at the 
calibrated Mead site, but also at the Bondville site. These downscaled values are in much better 
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agreement with the measured values during the leaf expansion period (Figure 2.4). The drd 
values for GPP under corn and soybean rotation vary between 0.71 and 0.92, suggesting that the 
model-estimated daily GPP for most of the cases is consistent with the observations (Figures 2.3 
a, f, k, p). The drd values for corn at the Bondville site are lower than the drh values, indicating 
that the model estimates are less consistent with the measured values during a certain time period 
of the growing season. Figure 2.3k suggests that the model fails to capture a sharp reduction in 
GPP during the initial reproductive period of 2003 (between Julian day 202 and 215). The reason 
for the sharp reduction in observed GPP is unknown, but the Illinois water and climate summary 
on July 2003 reports widespread crop lodging due to gusty wind during this period in central 
Illinois (Winstanley, 2003). The weather report at the nearest weather station (40.03oN, 88.28oW) 
(Climate Champaign, 2003) also suggests that the area receives a thunderstorm with wind gusts 
over 13.4 m s-1 on Julian day 202 of 2003 and wind gusts (>13.5m s-1) between Julian day 203 
and 208 of 2003. The high wind gust might have induced the crop lodging and hence reduced the 
GPP. The model is unable to capture this information, because the model does not currently 
account for the effect of extreme wind gust on crops. 
2.4.1.3.2 SH and LH fluxes 
The drh values for SH fluxes are 0.68 for both corn and soybean at the Mead site and 0.60 
and 0.69 at the Bondville site, whereas the drh values for LH for corn-soybean at the Mead and 
Bondville sites vary between 0.84-0.86 and 0.83-0.84, respectively. These results suggest that the 
model is able to capture most of the variation in observed hourly LH, but has apparent model 
biases in hourly SH at both sites. The model overestimates SH during the morning hours (UTC 
6:00-10:00 am), but slightly underestimates SH during the afternoon hours (after UTC 2:00pm) 
(Figures 2.2c, g, k and o) at both sites. Similar errors in modeled LH are observed at the Mead 
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site (Figures 2d and 2h). These discrepancies result from smaller model biases in Rn (Figures 
2.2b, f, j, and n). The overestimated Rn speeds up the penetration of the stable stratified canopy 
atmosphere during the morning hours and warms the canopy quickly, leading to a sudden 
increase in SH and LH fluxes after sunrise.  The biases in modeled SH are also observed during 
the night hours at the Bondville site when the model usually simulates negative SH, instead of 
the mean zero value of SH in the measurement. The negative modeled SH indicates the 
simulation of stable stratified atmospheric layers during the nighttime. It is also important to note 
that observed fluxes through the eddy covariance technique are usually unreliable during night 
hours (Goulden et al., 1996), which possibly adds to discrepancies between modeled and 
observed values. 
Compared to modeled diurnal patterns in energy fluxes, the model is better able to 
capture seasonal patterns in energy fluxes (Figures 2.3 c-d and r-s), as indicated by the higher drd 
values for SH and LH fluxes than drh values for corn at the Mead site and for soybean at the 
Bondville site (Table 2.2). However, model biases in SH and LH are observed during a specific 
time period for soybeans at Mead and for corn at Bondville, as indicated by the drd values being 
lower than the drh values at the two sites (Table 2.2). The overestimated SH and underestimated 
LH are observed during the normal vegetative period (between Julian day 192 and 223) and the 
initial reproductive period (between Julian day 224 and 252) in 2002 at the Mead site (Figure 
2.3h). This model discrepancy results from underestimated soil water content during dry periods 
(Figure 2.3j), which reduces the water availability for evapotranspiration, leading to an 
underestimation of LH flux and overestimation of SH flux. A similar partitioning discrepancy 
between SH and LH is observed during the normal vegetative period (between Julian day 170 
and 200) of the 2001 corn growing season and at the end of the 2003 corn growing season in 
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Bondville (Figure 2.3m-n). In addition, the overestimated SH is also partly attributed to the 
mismatch in energy partitioning between the soil and atmosphere. We find that the model 
underestimates ground heat flux, leading to an overestimation of SH fluxes (not shown). 
Besides uncertainty in modeled fluxes, uncertainties in measurement, such as 
uncertainties from the measuring equipment, source heterogeneity, and the turbulent nature of 
the transport process (Richardson et al., 2006), can also contribute to the discrepancy between 
simulated and measured energy fluxes. Richardson et al. (2006) estimate that overall random 
measurement error at the Mead, NE site averaged about 15.5 W m-2 for SH and LH fluxes for the 
2002 and 2003 growing seasons. The estimated root mean squared error (RMSE) for the 
modeled SH and LH fluxes for the Mead site averaged 20.3 and 16.7 W m-2 for 2002 and 2003 
growing seasons, which is slightly higher than the measurement uncertainty. This result suggests 
that current estimates of overall model biases in partitioning SH and LH may be slightly 
overestimated without considering the measurement uncertainty. In addition, as pointed out by 
Wilson et al. (2002), the Bowen ratio method (Eq. 2.1) might have overlooked the biases in the 
half-hourly/hourly data, such as the tendency to overestimate positive fluxes during daytime and 
underestimate negative fluxes during nighttime.  
The simulated results for carbon and energy fluxes for corn and soybeans at both sites 
suggest that the model-calibrated parameters can not only be used to accurately simulate corn 
and soybean growth at water stressed sites, like the Mead site, but also accurately simulate corn 
and soybean growth at sites in the normal non-irrigation region, like the Bondville site. Since the 
extended version of the ISAM model couples the dynamic carbon allocation processes with the 
vegetation structure simulation (LAI, root depth, and distribution at each soil layer), the model 
has the advantage of simulating the crop yield and resultant carbon and energy fluxes under 
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different environmental conditions and variability. However, the ability of the model to simulate 
corn and soybean growth on a large scale still needs to be evaluated and also compared with 
simulations from other land surface models in future studies. 
2.4.2 The effects of different dynamic processes on modeled results 
In this section we evaluate the importance of four dynamic process considered in this 
study, (1) dynamic carbon allocation, (2) dynamic LAI, (3) dynamic root distribution and (4) 
dynamic scale height by performing following additional model simulations (Table 2.3).  
ISAM-Static: this model is based on fixed carbon allocation, prescribed LAI, prescribed 
canopy height, as well as prescribed root depth and root allocation factions in each soil layer. All 
these four processes have been included in the original version of ISAM (El-Masri et al., 2013). 
ISAM-StaticC: this is the same as the ISAM-Dynamic experiment, but the carbon 
allocation parameterization is based on fixed carbon allocation scheme as assumed in the original 
version of the ISAM. 
ISAM-StaticLAI: this is the same as the ISAM-Dynamic experiment, but uses prescribed 
LAI development as assumed in the original version of the ISAM. 
ISAM-StaticR: this is the same as the ISAM-Dynamic experiment, but uses pre-
determined root depth and root fraction for each soil layer in space and time as assumed in the 
original version of the ISAM.  
ISAM-StaticH: this is the same as the ISAM-Dynamic experiment, but uses fixed canopy 
height parameterization as assumed in the original version of the ISAM. 
In the original version of the ISAM (El-Masri et al., 2013), referred to here as ISAM-
Static, the carbon allocation fractions for leaf, stem, root, and grain pools for each phenology 
stage are assumed to be the same values as in the case of ISAM-Dynamic but without accounting 
33 	  	  
for limitation of water, light, and nutrients (Table A1), and these fraction values are assumed to 
be the same for each model year run.  The LAI is not dependent on the carbon allocation 
simulation as in the case of the ISAM-Dynamic experiment; rather the LAI values in the original 
version of ISAM are attained from multiyear average site-specific MODIS land product subsets 
(ORNL DAAC, 2011).  The root distribution in ISAM-Static is calculated based on the root 
depths at which plants have 50% of their total root biomass and a dimensionless shape-parameter 
for describing root profile (Schenk and Jackson, 2002). Since the static root distribution case 
assumes no temporal variation in root fraction in each soil layer, we use the average value of 
three observed corn root profiles (see section 2.3) to calibrate the static root distribution case. 
The fixed canopy heights in the ISAM-StaticH experiment are assumed to be the maximum 
canopy height of specific vegetation type (Hmax) from AmeriFlux data sets (Table A1).  
In order to evaluate the performance of integrated effects of the dynamic crop growth 
processes implemented in this study (ISAM-Dynamic case) and the individual dynamic crop 
growth processes, we compare the Willmott indexes (drd) for carbon and energy fluxes based on 
individual five experiments discussed above with the estimated drd for the ISAM-Dynamic case 
(Table 2.4). 
2.4.2.1 Static vs. dynamic crop growth processes 
The Willmott index values (drd) for daily mean GPP, Rn, SH and LH fluxes in ISAM-
Dynamic case are higher than that in ISAM-Static case, and several are much closer to 1, except 
for no apparent improvement in drd values for corn GPP and Rn fluxes at the Bondville site 
(Tables 2.4). These results suggest that the implementation of dynamic crop growth scheme in 
ISAM significantly strengthens the ability of model to capture seasonal variability in measured 
carbon and energy fluxes for crops. No differences in drd values for corn GPP and Rn fluxes at 
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the Bondivlle site for ISAM-Dynamic and ISAM-Static experiments are due to that fact that 
processes considered in both experiments are unable to capture a crop lodging effect, as 
discussed in section 2.4.1.  
2.4.2.2 Static versus dynamic carbon allocation  
Figures 2.1b, e, h, k show that the estimated aboveground biomass for corn and soybean 
are in much better agreement with measurements for the ISAM-Dynamic case than for the 
ISAM-StaticC case. In addition, the ISAM-Dynamic case better captures the seasonal variability 
in leaf carbon mass, as indicated by LAI (figures 2.1a, d, g, j), and the root carbon biomass 
(figures 2.1h, k) than the ISAM-StaticC case. The improvements in estimated seasonal 
aboveground biomass, leaf and root carbon biomass for ISAM-Dynamic case are more for 
soybean than for corn at both sites. These results indicate that the dynamic carbon allocation 
scheme in the ISAM-Dynamic case is able to capture the response of carbon allocation to water, 
temperature, and light stresses, leading to a better simulation of aboveground total biomass and 
leaf carbon amount. With better simulated seasonal variability in carbon allocations, the drd 
values for GPP, SH, and LH calculated based on ISAM-Dynamic case are generally closer to 1 
than based on ISAM-StaticC case (Table 2.4), except for corn GPP at the Bondville site. No 
improvement in corn GPP at Bondville for ISAM-Dynamic is because the model is unable to 
capture the sharp reduction in GPP due to crop lodging with gusty wind, as discussed in section 
2.4.1, even after accounting the dynamic processes. Nevertheless, our results suggest that 
implementation of the dynamic carbon allocation parameterizations improves the model-
estimated results for GPP, SH and LH fluxes, especially for soybean. 
2.4.2.3 Static vs. dynamic LAI 
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Figures 2.1a, d, g, j show that prescribed LAI usually underestimates LAI over the 
growing seasons at both the Mead and Bondville sites. In addition, prescribed LAI is not able to 
partition ground vegetation LAI and crop LAI, leading to wrong estimates of growing season 
length for the crop. The underestimation of the LAI over the growing season results in 
underestimation of the amount of solar radiation absorbed by the canopy, leading to 
underestimation of GPP and LH, but overestimation of SH. In contrast, the ISAM-Dynamic 
version of the model, which accounts for the dynamic green and brown LAI parameterizations, is 
able to capture observed seasonal variability in LAI (Figures 2.1a, d, g, j). As a result of this, 
ISAM-Dynamic-based GPP, Rn, SH and LH fluxes for corn and soybean at both sites are in 
much better agreement with the observations than in the case of ISAM-StaticLAI, except for 
corn GPP and Rn at the Bondville site. The drd values for ISAM-Dynamic are higher by 2-13% 
for Rn, 3-41% for GPP, 18-39% for SH and 19-35% for LH at both sites than for the ISAM-
StaticLAI case (Table 2.4). The improvement for soybeans is usually larger than for corn. The 
smaller improvement for corn GPP and Rn in Bondville can be attributed to the fact that the 
ISAM-Dynamic and ISAM-Static cases are both unable to capture the effect of gusty wind on 
LAI. 
2.4.2.4 Static vs. dynamic root distribution 
In order to illustrate the importance of dynamic root characteristics, here we first compare 
the model estimated water uptake for the ISAM-DynamicR and ISAM-StaticR cases for 1980 at 
the Mead site. As discussed in section 2.3.1, we use 1980 NLDAS-2 climate forcing data 
(Mitchell et al., 2004) to drive the model. All other information, such as management seedling 
rate, planting time etc., is taken from Newell and Wilhelm (1987). The ISAM-Dynamic case 
captures well the measured trends of root growth with soil depth during the growing season for 
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corn at the Mead site; whereas the ISAM-StaticR case overestimates root density in shallow soil 
layers but underestimates in deep soil layers during the growing season (Figures 2.5a-c). These 
differences in root characteristics for the two parameterization cases in turn influence the 
estimates of simulated soil water stress and root water uptake and hence transpiration (Figures 
2.5d-f). This is because transpiration is more sensitive to the moisture content of the densely 
rooted shallow soil layers than that in the remainder of the root zone (Feddes et al., 2001).  On 
Julian day 174 when soil moisture is optimal during the initial vegetative stage, the calculated 
total amount of root water uptake for both cases is approximately the same (2.33mm day-1), but 
there are substantial differences in the magnitude of the water uptake at different soil depths, 
specifically in the shallow soil layers. For the ISAM-StaticR case the maximum amount of water 
is extracted from shallow soil layers above 0.03m, whereas for the ISAM-Dynamic case roots 
take water from the more moist deeper layers above 0.12m (Figure 2.5d). However, ISAM-
StaticR parameterization overestimates the root density and water uptake in shallow layers 
(Figures 2.5b-c), reducing the soil water available in the shallow soil as the growing season 
progresses. This results in an earlier and more intense start of soil moisture stress and lower 
actual transpiration in the ISAM-StaticR case than that in the ISAM-Dynmaic case (Figures 2.5e-
f).  In order to illustrate the importance of the dynamic root distribution scheme for seasonal 
variability in crop transpiration, here we compare the simulated transpiration results for the 2001 
corn-growing season at Mead. In Figure 2.6, the transpiration is higher for ISAM-Dynamic than 
for the ISAM-StaticR case during the growing season and the transpiration differences between 
the two cases gradually increase, especially during the summer, when low summer precipitation 
cannot effectively compensate soil water depletion in shallow layers (not shown here). The 
increased water uptake from deeper and moister root zones in the ISAM-Dynamic case mitigates 
37 	  	  
the intensity of water stress during the growing season by about 60% of that of the ISAM-StaticR 
case and improves the simulations of soil water uptake when soil water in the upper soil layers is 
exhausted during the growing season.  
In order to evaluate the validity of the dynamic root parameterization scheme, we 
compare model results for total transpiration, latent heat flux, and GPP during the 2001-2004 
growing seasons with corn and soybean rotations at the Mead and Bondville sites. The ISAM 
model results suggest that ISAM-Dynamic parameterization estimated plant water transpirations 
during the 2001-2003 growing season are about 28-34% higher than ISAM-StaticR (Figure 
2.7a). However, there is no apparent difference in plant water transpiration between the ISAM-
StaticR and ISAM-Dynamic cases over the 2004 growing season at both sites (Figure 2.7a). Both 
sites experience moist weather conditions during the summer of 2004. For example, the 
accumulated precipitations at the Mead and Bondville sites for the period of June to July 2004 
are about 91% and 63% higher than the average for the same time period over 2001-2003. 
Therefore, soybean experiences no water stress condition at both sites in 2004 and the estimated 
water transpiration fluxes for ISAM-StaticR and ISAM-Dynamic cases are approximately the 
same (Figure 2.7a). This also results in similar values for estimated GPP and LH fluxes for both 
cases (Figures 2.7b-c). The increased transpiration in the ISAM-Dynamic case, relative to the 
ISAM-StaticR case, mitigates the water stress effect on catalytic capacity of Rubisco (Vcmax25) 
and stomatal conductance. This results in a 13-61% increase in GPP and 12-27% increase in LH 
at the Mead site, and a 26-41% increase in GPP and 13-21% increase in LH at the Bondville site 
for the ISAM-Dynamic case relative to the ISAM-StaticR case (Figures 2.7b-c). The increased 
values for GPP and LH for the ISAM-Dynamic case are in much better agreement with 
observations (Figures 2.7b-c) than for the ISAM-StaticR case. Moreover, the drd and drh values 
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for GPP and LH (Table 2.4) are much closer to 1 in the ISAM-Dynamic case than that in the 
ISAM-StaticR case for most of the cases. One particular exceptional case is corn GPP at the 
Bondville site.  As discussed in section 2.4.1, ISAM-Dynamic is not able to capture a sharp 
reduction in corn GPP during this year, and thus overestimates corn GPP at the Bondville site. 
The ISAM-Dynamic case mitigates downscaled effects of water stress on GPP and thus further 
overestimates GPP (Figures 2.7b-c). The increase in drd values for GPP and LH for the ISAM-
Dynamic case as compared to the ISAM-StaticR case (Table 2.4) suggests that ISAM-Dynamic 
much better captures the seasonal pattern of carbon, energy and water fluxes than the ISAM-
StaticR. Specifically, it much better captures the apparent increase in the values of drd for GPP 
and LH at the Mead site (Table 2.4), where crops endure water stress conditions during 2001-
2003 growing season, indicating the importance of dynamic carbon allocation and root 
distribution mechanisms in the calculations of carbon, energy, and water fluxes under water 
stress conditions. 
2.4.2.5 Static vs. dynamic canopy height 
Table 2.4 shows that drd values have small differences between ISAM-StaticH and 
ISAM-Dynamic cases, relative to comparisons discussed above, indicating that the 
implementation of dynamic canopy height simulation does not apparently improve the carbon 
and energy fluxes for these crops. This is perhaps due to the fact that there is no large seasonal 
variability in canopy height for corn and soybean. Thus, replacing prescribed canopy height with 
seasonally variable canopy height does not significantly change the atmospheric turbulence 
above the crop canopy or the carbon and energy fluxes. 
2.5. CONCLUSIONS 
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We have implemented dynamic crop growth processes into a land surface model, ISAM.  
These dynamic crop growth processes include specific phenology development for corn and 
soybeans, dynamic carbon allocation, vegetation structure and root distribution, as well as 
different removal rates for fresh and old standing brown leaves and the effects of leaf age on CO2 
compensation points for C3 crops. 
The C3 and C4 crop growth processes in the model are calibrated with half-hourly/hourly 
data for LAI, biomass, and carbon, water, and energy fluxes measured for corn-soybean rotation 
systems at the Mead, Nebraska AmeriFlux site, and the model is evaluated for the same variables 
using the data from another AmeriFlux site in Bondville, Illinois. The calibrated and evaluated 
ISAM model is able to capture the diurnal and growing season patterns of carbon assimilation, 
and water and energy fluxes for corn (C4 crop) and soybean (C3 crop) at these two sites. 
Specifically, the calculated GPP, Rn, and LH fluxes compared well with observations, but the 
model is unable to capture the variation in SH flux for corn and soybean at both sites as 
discussed in section 2.4.1.  
The model’s dynamic carbon allocation parameterization, dynamic LAI and phenology 
development, dynamic canopy height, and dynamic root distribution capture the measured 
seasonal patterns of vegetation structures well, in particular changes in LAI and the vertical 
distribution of roots in soil. The improvement in vegetation structure simulation better captures 
the seasonal variability in carbon and energy fluxes at both sites, relative to the static simulations 
of vegetation structure. With dynamic carbon allocation and root distribution schemes, the 
improved crop water transpiration and soil water stress significantly improve modeled GPP and 
LH, especially during dry periods.  The percent differences between the estimated fluxes based 
on the ISAM-dynamic and ISAM-static cases for LH are 12-27% and for GPP 13-62% at the 
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Mead and Bondville sites. These results indicate the importance of considering dynamic 
allocation and root distribution processes in land surface models to accurately simulate the 
carbon, water, and energy fluxes, especially during dry period. The incorporation of the effect of 
leaf age on the CO2 compensation point effectively reduces the modeled GPP and LH fluxes for 
soybeans during the initial vegetative and leaf senescence period.  
Though overall measured bias for most energy fluxes, except for SH, has the same 
magnitude of measured uncertainty, accurate comparison between measured and simulated 
energy fluxes and further understanding of model biases in partitioning SH and LH are needed to 
evaluate the model bias of sensible fluxes.  
Overall, the implementation of dynamic crop growth processes into the ISAM allows us 
to study the feedbacks between carbon, water, and energy fluxes and environmental variables. 
The extended ISAM can be applied on a large scale, where carbon, water, and energy fluxes can 
vary with spatial variations in environmental variables. Furthermore, the implementation of 
dynamic crop growth processes is particularly important for understanding the interactions 
between the land surface processes and climate change. For example, with a dynamic carbon 
allocation and vegetation structure scheme, the extended ISAM can simulate the adaptation of 
vegetation to climate change. These adaptations include adjustments in behavior, morphology, 
and physiology (Hendry et al. 2008). Due to the lack of this scheme, current land surface models 
possibly overestimate climate effects on terrestrial ecosystems. In addition, with dynamic root 
distribution schemes, the model is able to simulate the root response to soil water availability in 
each soil layer and accounts for redistribution of soil water by root systems. The implementation 
of this scheme can improve the simulation of vegetation transpiration under dry conditions by 
extracting water from deeper and moister soil layers. Jasechko et al. (2013) has found that 
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vegetation transpiration represents 80-90% of terrestrial water fluxes but is underestimated by 
the current land surface models. With dynamic treatment of carbon allocation and root 
distribution, it is expected that the extended ISAM model can correct currently underestimated 
global vegetation transpiration and overestimated soil and canopy evaporation. 
In future studies, the model will be applied to assess the interaction between crop growth 
and climate change. Since we have developed a flexible process-based crop growth modeling 
framework, it can also be applied to simulate not only other food crops, such as wheat, but also 
energy crops, such as Miscanthus and switchgrass. 
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CHAPTER 2 TABLES AND FIGURES 
 	  
TABLE 2.1. Calibrated processes and parameters and their original and updated values. The two 
data values in original and calibrated columns are for corn and soybean, respectively. 
Calibrated process Equations Parameters Parameters Values 
Original Calibrated 
 
Carbon allocation 
to leaf, stem root 
and grain 
Eqs. A19-26 𝐴𝑙! 0.5, 0.5 0.5, 0.3 𝐴𝑠! 0.2, 0.2 0.2, 0.32 𝐴𝑟! 0.3, 0.3 0.3, 0.38 𝐴𝑙!! 0.0, 0.0 0.0, 0.0 𝐴𝑠!! 0.4, 0.4 0.45, 0.35 𝐴𝑟!! 0.2, 0.2 0.10, 0.20 𝐴𝑔!! 0.4, 0.4 0.45, 0.45 𝐴𝑙!! 0.0, 0.0 0.0, 0.0 𝐴𝑠!! 0.0, 0.0 0.0, 0.0 𝐴𝑟!! 0.5, 0.5 0.45, 0.65 𝐴𝑔!! 0.5, 0.5 0.55, 0.35 𝐴𝑙!!! 0.5, 0.5 0.79, 0.85 𝐴𝑠!!! 0.2, 0.2 0.10, 0.12 𝐴𝑟!!! 0.3, 0.3 0.11,0.03 𝑘1!! 1.0, 1.0 1.0, 9.5 𝑘2!! 1.0, 1.0 2.4, 0.0 𝑘1!! 1.0, 1.0 1.0, 2.1 
Phenology 
simulation 
Eqs. A3-A7 𝐺𝐷𝐷!"# 1700℃, 1700℃ 1620℃, 1670℃ 𝐺𝐷𝐷0!"# 125℃, 125℃ 170℃, 210℃ 𝐻𝑈𝐼!! 0.15, 0.15 0.10, 0.15 𝐻𝑈𝐼!! 0.21, 0.18 0.19, 0.17 𝐻𝑈𝐼!! 0.38, 0.67 0.63, 0.69 𝐻𝑈𝐼!! 0.71, 0.89 0.80, 0.85 𝐻𝑈𝐼!!! 0.38, 0.18 0.38, 0.20 𝐻𝑈𝐼!!! 0.71, 0.89 0.69, 0.79 𝐷! 15, 15[days], 22, 22[days], 𝐷!! 24, 24 [days] 17, 17[days], 𝐷!! 51, 51[days], 51, 53[days], 𝐷!! 30, 30[days], 37, 28[days], 𝐷!! 30, 30[days], 32, 30[days], 
Canopy height 
simulation 
Eq. A39 m 0.35, 0.35  0.385 
Root growth and 
distribution 
Eqs. A41-42 𝛼 0.7, 0.7 
(Arora, 2003) 
0.7, 0.7 𝐷!"#$_!"#$%&' 0.87, 0.87 
(Arora, 2003) 
0.53, 0.53 	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TABLE 2.2 The Willmott index to quantify the degree to which observed GPP, energy and 
water fluxes are captured by the model for corn and soybean at the Mead and Bondville site. The 
drh is Willmott index for hourly observed data and model results and drd is index for daily mean 
observed data and model results. The Nh is the number of observation samples at the hourly time 
step, and the Nh is the number of observation at the daily time step. 
Data Sites Crop Nh Nd drh drd 
GPP Mead, NE Corn 5640 235 0.86 0.86 
  Soybean 5568 232 0.85 0.83 
 Bondville, IL Corn 5564 232 0.82 0.71 
  Soybean 4968 207 0.86 0.92 
Rn Mead, NE Corn 5640 235 0.87 0.89 
  Soybean 5568 232 0.86 0.90 
 Bondville, IL Corn 5664 232 0.91 0.83 
  Soybean 4632 193 0.91 0.93 
SH Mead, NE Corn 5640 235 0.68 0.71 
  Soybean 5568 232 0.68 0.68 
 Bondville, IL Corn 4281 178 0.60 0.47 
  Soybean 3249 135 0.69 0.77 
LH Mead, NE Corn 5640 235 0.86 0.87 
  Soybean 5568 232 0.84 0.77 
 Bondville, IL Corn 4281 178 0.83 0.50 
  Soybean 3249 135 0.84 0.88 	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TABLE	  2.3 Description of the model experiments performed to evaluate the effects of different 
dynamic processes on model results. 
Experiment	   Crop	  growth	  processes	  in	  the	  model	  Carbon	  allocation	  	   LAI	  	   Root	  depth	  and	  distribution	  	   Canopy	  height	  	  ISAM-­‐Static	   Fixed	   Prescribed	   Prescribed	   Prescribed	  ISAM-­‐StaticC	   Fixed	   Dynamic	   Dynamic	   Dynamic	  ISAM-­‐StaticLAI	   Dynamic	   Prescribed	   Dynamic	   Dynamic	  ISAM-­‐StaticR	   Dynamic	   Dynamic	   Prescribed	   Dynamic	  ISAM-­‐StaticH	   Dynamic	   Dynamic	   Dynamic	   Prescribed	  ISAM-­‐Dynamic	   Dynamic	   Dynamic	   Dynamic	   Dynamic	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TABLE	  2.4	  The Willmott index (drd) to quantify the degree to which observed daily mean GPP 
and energy fluxes are captured by the model for corn and soybean at the Mead and Bondville 
sites. The n is the number of observation at the daily step. 
Data Sites Crop n drd  
(ISAM-
Dynamic) 
drd 
(ISAM-
Static) 
drd 
(ISAM-
StaticC) 
drd 
 (ISAM-
StaticLAI) 
drd 
(ISAM-
StaticR) 
drd 
(ISAM-
StaticH) 
GPP Mead, NE Corn 235 0.86 0.50 0.77 0.61 0.57 0.84 
  Soybean 232 0.83 0.60 0.70 0.63 0.72 0.83 
 Bondville, 
IL 
Corn 232 0.71 0.69 0.71 0.69 0.71 0.71 
  Soybean 207 0.92 0.81 0.83 0.83 0.81 0.92 
Rn Mead, NE Corn 235 0.89 0.81 0.89 0.84 0.88 0.89 
  Soybean 232 0.90 0.80 0.87 0.82 0.88 0.86 
 Bondville, 
IL 
Corn 232 0.83 0.82 0.82 0.81 0.83 0.82 
  Soybean 193 0.93 0.81 0.81 0.82 0.81 0.92 
SH Mead, NE Corn 235 0.71 0.31 0.66 0.57 0.30 0.71 
  Soybean 232 0.68 0.47 0.46 0.49 0.50 0.68 
 Bondville, 
IL 
Corn 178 0.47 0.19 0.29 0.40 0.19 0.40 
  Soybean 135 0.77 0.61 0.61 0.62 0.61 0.77 
LH Mead, NE Corn 235 0.87 0.50 0.81 0.70 0.55 0.80 
  Soybean 232 0.77 0.57 0.63 0.59 0.64 0.76 
 Bondville, 
IL 
Corn 178 0.50 0.37 0.42 0.42 0.40 0.49 
  Soybean 135 0.88 0.65 0.65 0.65 0.64 0.87 
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FIGURE 2.1 Measured and model simulated LAI, aboveground biomass, root biomass, canopy 
height under corn and soybean rotation at the Mead and Bondville AmeriFlux sites. Measured 
data for corn root biomass is available for the 2001growing season and for soybean over the 
2002 and 2004 growing seasons at the Bondville, IL site.  The top and the bottom panels for corn 
column are for 2001 and 2003 growing seasons, whereas for soybean column are for 2002 and 
2004 growing seasons. 	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FIGURE 2.2 Measured and model simulated mean diurnal variations in gross primary 
productivity (GPP), net radiation (Rn) at the canopy top, sensible heat (SH), and latent heat (LH) 
fluxes. The diurnal cycle of each flux shown here for corn and soybean is the mean diurnal cycle 
over two growing seasons. For corn, the diurnal cycle is averaged over 2001 and 2003 growing 
seasons, whereas for soybean it is averaged over 2002 and 2004 growing seasons. The error bars 
indicate ± 1 standard deviation (SD) of variation for hourly/half hourly values over the two 
growing seasons. 	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FIGURE 2.3 Measured and model simulated daily mean gross primary productivity (GPP), net 
radiation (Rn) top of the canopy, sensible heat (SH), latent heat (LH), and soil water (SW) under 
corn and soybean rotation at Mead and Bondville over 2001-2004 growing seasons. Flux values 
for individual sites are represented by a set of two figures. For corn, the top panel figure shows 
the flux values for the 2001 growing season and the bottom panel for the 2003, whereas for 
soybean the top panel figure shows the flux values for the 2002 growing season and the bottom 
panel for the 2004. 	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FIGURE 2.4 Measured and model simulated soybean GPP during 2002 and 2004 growing 
season at the Mead and Bondville site. Model+LACO2 and Model-LACO2 case refer to model 
with and without the parameterization of the effect of the leaf age on the CO2 compensation 
point.  
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FIGURE 2.5 Comparison of modeled and measured corn root density (a-c) and water uptake (e-
f) profiles (0-2 m) for three different days during the growing season at the Mead site.  The data 
and model results for the dynamics (ISAM-Dynamic) and Static (ISAM-StatcR) cases are plotted 
for 1980. 	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FIGURE 2.6 Model estimated daily water uptake for the ISAM-Dynamic and ISAM-StaticR 
cases during the 2001 corn growing season at the Mead site. 	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FIGURE 2.7 Measured and simulated total GPP, transpiration and latent heat fluxes (LH) from 
2001to 2004 growing season under corn-soybean rotation at the Mead and Bondville sites. The 
odd years 2001 and 2003 are the corn planting years, whereas the even years 2002 and 2004 are 
the soybean planting years.  	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CHAPTER 3 
 
ESTIMATES OF BIOMASS YIELD FOR PERENNIAL BIOENERGY GRASSES IN 
THE USA 
3.1 INTRODUCTION 
The USA is the largest producer of biofuels in the world and is converting nearly 40 % of 
its corn production into 14 billion gallons per year of corn ethanol. Further increases in biofuel 
production from cellulosic feedstocks are mandated by the Renewable Fuel Standard (RFS), 
established by the Energy Independence and Security Act, 2007, which mandates production of 
at least 16 billion gallons per year of cellulosic biofuels by 2022 (Schnepf et al., 2013). 
Although conversion of cellulosic biomass to fuel is not yet commercially viable, 
considerable research is underway on high-yielding feedstock sources that could provide 
abundant biomass for large-scale cellulosic biofuel production. Among all non-grain feedstocks, 
two perennial crops, switchgrass (Panicum viragatum) and Miscanthus (Miscanthus × 
giganteus), have been identified as among the best choices for low-input and high dry matter 
yield per hectare in the USA and Europe (Lewandowski et al., 2003; Gunderson et al., 2008; 
Heaton et al., 2008). Miscanthus is a C4 perennial rhizomatous grass. It has been extensively 
grown in Europe for over 20 years and is recently being grown in field trials in the USA (Heaton 
et al., 2008). Switchgrass is also a C4 native warm-season grass from the USA and has 
historically been used as forage. Studies suggest that latitude-of-origin of different bioenergy 
grasses determines their varied adaptability to edaphic conditions, such as winter hardiness, day 
length, heat, dry and cold conditions, etc. (Casler et al., 2004). Miscanthus × giganteus is more 
adapt to the region below the US plant hardiness zone (PHZ) 5 (USDA, Plant Hardiness Zone 
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Map, 2012). On the other hand, switchgrass cultivars are usually divided into upland and 
lowland. Upland cultivars, such as Cave-in-Rock, are more adapted to middle and northern 
latitudes (PHZ 4–PHZ 7). Lowland cultivars, such as Alamo, grow better in lower latitudes (PHZ 
6–PHZ 9) (Parrish and Fike, 2005; Casler, 2012). The detailed physiological differences between 
upland and lowland switchgrasses, as well as their differences with Miscanthus, have been 
discussed in previous studies (Lewandowski et al., 2003; Parrish and Fike, 2005). 
While these perennial grasses have potential to help meet future energy demand, the 
extent to which this potential can be realized will depend on the biophysical potential to grow 
these grasses while minimizing the diversion of land from food production. We evaluate this 
potential by assessing the productivity of these perennial grasses under different environmental 
conditions in the USA. A number of crop productivity modeling studies have estimated the 
biomass yields for Miscanthus and switchgrass in the USA. For example, Jager et al. (2010) have 
developed empirical models to estimate yield from factors associated with climate, soils, and 
management for both lowland and upland switchgrass cultivars. However, these model estimates 
are usually limited by available observation data from field trials and have limited representation 
of diverse climate, soil, and topographical conditions across the USA (Nair et al., 2012). No 
attempt has been made to evaluate the biomass yield for Miscanthus using an empirical-based 
approach, mainly because field trials for Miscanthus are sparser than for switchgrass and usually 
centralized in the Midwest region (Heaton et al., 2008; Propheter et al., 2010). Several attempts 
have therefore been made using mechanistic models to estimate the yield and the spatial and 
temporal variability in yield of bioenergy grasses, including ALMANAC (Behrman et al., 2013), 
MISCANMOD (Clifton-Brown, 2000; Jain et al., 2010), MISCANFOR (Hastings et al., 2009), 
EPIC (Thomson et al., 2009), WIMOVAC (BIOCRO) (Miguez et al., 2012), Agro-IBIS 
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(VanLoocke et al., 2012), Agro-BGC (Di Vittorio et al., 2010), and TEM (Zhuang et al., 2013). 
Nair et al. (2012) have reviewed the differences among these models. According to Nair et al. 
(2012), the ALMANAC, MISCANMOD, MISCANFOR, and EPIC models use relatively simple 
radiation use efficiency method to simulate the biomass yields, while other models use a more 
mechanistic biophysical approach to simulate the carbon uptake and assimilation rates. 
Partitioning of carbon among leaves, stem, root, and rhizome pools are based on fixed carbon 
allocation fraction at each phenology stage. WIMOVAC (BIOCRO) only accounts for the water 
limitation on biomass allocation, whereas the ALMANC and EPIC models not only account for 
water limitation effect on biomass allocation but also temperature, nitrogen, and aeration 
limitations on plant phenology and biomass yield. Moreover, ALMANC and EPIC are the only 
two models that account for full hydrological cycle processes. Nitrogen cycle dynamics 
processes are only considered in the EPIC, ALMANAC, and Agro-BGC models. 
This study builds upon and extends the approaches of the models discussed above and 
aims to integrate the dynamic crop growth processes for Miscanthus and two cultivars of 
switchgrass perennial grasses into ISAM to estimate the biomass yields for these three grasses in 
the USA. The western USA, where bioenergy grasses could not survive due to drier conditions 
(Casler, 2012), is excluded in this study (note that irrigation is not accounted for this analysis). 
The adaptability of three bioenergy grasses at different latitudes is determined by accounting 
various environmental factors, which vary with day length, the effect of soil texture, soil slope, 
bedrock layer depth on water uptake by the grasses, and tolerance to winter hardiness, heat, dry, 
and cold conditions. 
While ISAM methodologies to model carbon assimilation, water and energy fluxes, and 
carbon and nitrogen dynamics for various plant functional types have been described elsewhere 
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(Yang et al., 2009; Baraman et al., 2014a, b; El-Masri et al., 2013; Song et al., 2013) and 
described in Chapter 2, this study extends ISAM model by accounting additional dynamic 
structural properties of vegetation, which are specific to the perennial bioenergy grasses. These 
include the following: (1) a specific phenology development scheme and its variation with 
latitude, which is controlled by thermal, photoperiod, and extreme meteorological conditions 
(e.g., frost and drought); (2) a dynamic carbon allocation process to allocate assimilated carbon 
among root, rhizome, leaf, and stem based on resource availability (e.g., light, water, and 
nutrient); (3) parameterization of N remobilization rate; (4) parameterization of leaf area index 
(LAI) growth process, which is sensitive to photoperiod. 
The objectives of this chapter are to (1) calibrate and validate different parameters of the 
above parameterization schemes for three perennial grasses: Miscanthus and two switchgrass 
cultivars, Cave-in-Rock and Alamo; (2) evaluate ISAM-calculated carbon assimilation rate, LAI, 
and aboveground/belowground biomass yields for three energy crops using observational data; 
(3) estimate spatial and temporal biomass yield patterns for the period 2001–2012 in the USA; 
and (4) compare ISAM-estimated biomass yields with other published studies. 
3.2 METHODS 
3.2.1 Model description 
ISAM is a land surface model with coupled biogeochemical (carbon and nitrogen) 
module (Yang et al., 2009) and biogeophysical (energy and hydrology) modules (Dai et al., 
2004; Oleson et al., 2008). The model calculates carbon, nitrogen, energy, and water fluxes at 
0.5  ×  0.5° spatial resolution and at hourly/half-hourly temporal resolutions. The details about the 
model structure, parameterization, and performance have been introduced in previous studies 
(Yang et al., 2009; Barman et al., 2014a,b; El-Masri et al., 2013; Song et al., 2013) and Chapter 
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2. In the following, we provide the details of the processes added to the model, which are 
specific for bioenergy grasses. 
3.2.2 Model extension 
The formulations for dynamic growth processes considered for bioenergy grasses—such 
as allocation of assimilated carbon among above- and belowground vegetation pools and 
development of vegetation structure (LAI, canopy height and root depth), etc.—are the same as 
for the row crops described in Chapter 2; However, the phenology for bioenergy grasses is 
different than row crops and is described in section 3.2.2.1 of this chapter.  In addition, we add a 
rhizome pool and implemented the carbon reallocation between root and rhizome for the 
bioenergy grasses (discussed in section 3.2.2.2). The parameterizations for N translocation and 
LAI growth as a function of photoperiod are also considered section 3.2.2.3 of this chapter. In 
addition, we also describe the model calibration and validation specific for the bioenergy grasses 
in section 3.3. In the following, we describe dynamic processes that have been implemented in 
ISAM for this study. 
3.2.2.1 Phenology development 
Miscanthus is planted through rhizomes and switchgrasses through seeds. During the 
growing season, phenology is divided into five stages: emergence period, initial vegetative 
period, normal vegetative period, initial reproductive period, and post reproductive period 
(Fig. 3.1). After post reproductive period, bioenergy grasses go to the winter dormancy stage, 
which lasts until the rhizomes emerge next year. The grasses are harvested each year at the 
beginning of winter dormancy time. 
The planting date for Miscanthus rhizomes is determined based on the shallow soil 
layers’ temperature and air temperature (Song et al., 2013). The seeding dates for switchgrass are 
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determined by both soil and surface air thermal conditions and accumulated precipitation over a 
week time just prior to the planting date. Since switchgrasses may not adapt to the region in the 
west of the 100th meridian (Casler et al., 2004), and Miscanthus may have difficulty to survive 
in the region with less than 0.75 m of annual accumulated precipitation (Heaton et al., 2014), we 
exclude those regions which experience such environmental conditions—viz. the western USA. 
Switchgrass seeds are planted when the accumulated precipitation over the previous week is 
greater than the grass-specific minimum precipitation requirement (Pcrit) (Evers and Parsons, 
2003) (Table B1). Each year after planting bioenergy grasses, the transitions of the different 
phenology stages are determined by thermal conditions and other factors, which are dependent 
on latitude of each grid cell (Parrish and Fike, 2005; Zub and Barcounrt-Hulmel, 2010). 
The thermal condition for each grid cell is expressed as the heat unit index above 0 °C 
(HUI0) (Eq. 3.1).                                                                                                           HUI0 = !""#!""#!"#                                                           Eq.3.1 
Here, GDD0 is the accumulated growing degree days above 0 °C summed from the first 
day of the year to the current day. GDD0max is the yearly summation of growing degree days 
above 0 °C averaged for the past 33 years (1980–2012), which represents the climatological 
thermal conditions (White et al., 1997). The threshold values of HUI0 for classifying five 
phenology stages are listed in Table B1. The total number of days during each phenology stage 
does not exceed the maximum number of growing days of each phenology stage (D), as 
prescribed in the Table B1. 
Latitudinal variability in the onset of the emergence stage and the initial reproductive 
stage (flowering time) is controlled by the photoperiod (Casler et al., 2004), which is expressed 
as the total day length and civil twilight of each day (Lday) in terms of hours. The onset of the 
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emergence stage begins when the photoperiod value is above the critical photoperiod value for 
emergence (Le). At the same time, the past week mean daily air temperature is above the base 
temperature (Tbase) and soil temperature is above the critical emergence soil temperature 
(Tsoil_crit). The values for Tbase and Tsoil_crit vary with bioenergy grasses due to their difference in 
tolerance to temperature (Table B1). The value for Le varies with the origin of each bioenergy 
grass (Table B1). Alamo, which is originally from central Texas, can emerge at much shorter 
photoperiod than that for Cave-in-Rock and Miscanthus, which originally grow in southern 
Illinois (Parrish and Fike, 2005). In addition, the regression analyses of bioenergy grass yields on 
photoperiod (Casler et al., 2004; Kiniry et al., 2012) indicate that growing Miscanthus and Cave-
in-Rock in the south of its origin (Southern Illinois) will flower earlier due to exposure to shorter 
than normal day length in the summer, while growing Alamo switchgrass north of its origin 
(Central Texas) will cause it to flower late due to exposure to longer than normal day length in 
the summer. To parameterize this effect, the onset of the initial reproductive stage is initialized 
when the following two conditions are satisfied: (1) the estimated photoperiod value is less than 
the grass-specific critical photoperiod value for flowering (Lf), which is 13 h for Miscanthus and 
Cave-in-Rock, but 12 h for Alamo (Van Esbroeck et al., 2003; Jensen et al., 2011; egada-
Lizarazu et al., 2012); (2) the minimum heat required for flowering (GDDv1), which is expressed 
as the GDD above Tbase from emergence to flowing time. Here GDDv1 is defined as a function of 
latitude (Eq. B1). The function is attained through regressing observed GDDv1 values from 
available sites with the latitude values of corresponding observation sites (Casler et al., 2007; 
Maughan et al., 2012). If above two conditions are not satisfied, the initial reproductive stage can 
also be initiated when LAI values reach the grass-specific maximum LAI values (LAImax) (Table 
B1). 
60 	  	  
Besides the normal phenology development, extreme environmental conditions can speed 
up or slow down the development of different phenology stages (Fig. 3.1). For example, spring 
frost can delay the onset of initial vegetative stage, whereas fall frost can trigger the earlier onset 
of the dormancy stage. 
Alamo has been reported to be high heat tolerant, but sensitive to extreme cold and dry 
conditions (Cassida et al., 2005; Kiniry et al., 2012). In contrast, Miscanthus is more sensitive to 
extreme hot and dry conditions than Cave-in-Rock and Alamo. Relative to Miscanthus and 
Alamo, Cave-in-Rock has higher cold and drought tolerances (Kiniry et al., 2012). In addition, 
Moser and Vogel (1995) suggest that warm-season grass species generally do not move more 
than 500 km north of their origin due to potential stand and rhizomes losses from over-winter 
injury. Calser (2012) reports that Cave-in-Rock will have difficulty surviving in the regions 
above the PHZ 3, whereas the survival rates of Alamo in the region above the PHZ 6 are low. 
Heaton et al. (2010) find that Miscanthus is able to survive with −20 °C air temperature and 
−6 °C soil temperature in Illinois, but experiences 90 % of loss in Wisconsin. Past field 
experiments have failed to establish Miscanthus in the PHZ 3 and PHZ 4 (personal 
communication with M. Casler). 
ISAM accounts for sensitivity of bioenergy grasses to extreme cold, dry, or hot 
conditions, as discussed above. The spring and fall frost are triggered when previous 3 days 
average daily minimum temperature (Tmin3) is less than the grass-specific critical air minimum 
temperature for frost (Tfrost). Extreme cold conditions, expressed as previous 6 days (T6) average 
daily temperature below Tbase, during the initial vegetative stage can force the transition from the 
initial vegetative stage to the initial reproductive stage. Extreme cold weather conditions during 
the normal vegetative and the initial reproductive stages can induce the onset of the post 
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reproductive stage with initiation of plant senescence (White et al., 1997). Cold weather 
conditions are triggered when any of the following conditions are satisfied (Fig. 3.1): (1) the 
daily minimum temperature averaged for previous week (Tmin7) is less than Tbase; (2) the Tmin3 is 
less than the annual minimum temperature averaged for 1980–2012 (Tytmin); (3) the daily soil 
temperature of root zone is less than the critical temperature for root zone (Tsoil_s2). Extreme hot 
and dry conditions can also make the transition to the post-reproductive stage earlier without 
flowering (Maughan et al., 2012). Extreme hot conditions are triggered when one of the 
following conditions is met: (1) the mean daily temperature averaged for the last month is larger 
than the grass-specific maximum temperature (Tmax_crit); (2) the previous 3 days average daily 
maximum temperature (Tmax3) is larger than the annual maximum temperature averaged for 
1980–2012 (Tytmax). Dry conditions are activated when the daily mean soil water availability for 
previous week (Wa7) is below the critical values of water availability for initiation of dry 
condition (Wacrit). Here, soil water availability (Wa) is the weighted summation of water 
availability over the total number of soil layers (Eq. B2). The Wa is expressed as an index 
ranging from 0 to 1, which depends on the combined effects of precipitation, topography, soil 
texture, root depth, and its distribution in soil layers. The closer that Wa is to 1, the more soil 
water is available for grass growth. If extreme hot and dry conditions are met simultaneously, 
onset of the post reproductive stage is triggered. The over-winter injury is triggered when the 
average annual extreme minimum temperature (Tavg_min) is less than Tfrost. The values for Tfrost, 
Tbase, Tytmin, Tsoil_s2, Tmax_crit, Tytmax, and Wa7 (Table B1) are grass specific. Cave-in-Rock is 
parameterized with lower Tfrost, Tsoil_s2, and Wa7 than that for Miscanthus and Alamo due to high 
tolerance to cold and dry condition, whereas Alamo is parameterized with higher Tmax_crit than 
Miscanthus and Cave-in-Rock due to its high tolerance to hot condition. 
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3.2.2.2 Carbon allocation 
Besides leaves, stem, roots, and production (seeds or flowers) carbon pools, here we 
added rhizome pool, which store carbon and nitrogen for the perennial growth. The emergence 
from rhizome and the carbon allocation among leaves, stems, roots, production, and rhizome are 
introduced as follows. 
The amount of carbon in switchgrass seeds during germination is simulated as a function 
of seed weight and hydro and thermal conditions (Eqs. B3–B5) (Roman et al., 2000). The carbon 
stored in switchgrasses seeds during the germination is allocated to root and leaf pools to build 
the root and initiate leaf development (Eq. B6). In the establishment year, the growing season 
starts with the germination of the seed. In the spring of the following years, the growing season 
starts with the emergence of rhizome. During the emergence of rhizomes, a fraction of rhizome 
carbon is allocated to leaf, stem, and root pools according to Eq. B7. After the emergence stage, 
leaves start assimilating carbon and the assimilated carbon is allocated to stem and root, as well 
as production pools. The amounts of the carbon allocation fractions at each model time step are 
determined dynamically based on the availability of water, light, and nitrogen as described in 
Song et al. (2013). 
Initial carbon allocation fractions to leaf (Al), stem (As), root (Ar), and rhizome (Arh_r) 
during each phenology stage (Table B1) are parameterized based on different growth 
requirements of canopy, stem, root, flowers, seeds, and rhizomes at each phenology stage. The 
canopy needs to be developed during the initial vegetative stage by keeping a large fraction of 
leaf-assimilated carbon in the leaf pool, but transferring a small fraction of leaf-assimilated 
carbon into root and stem. During the normal vegetative stage, the stem is elongated through 
increasing the fraction of assimilated carbon that allocates to stem. During the initial and post 
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reproductive stages, leaf-assimilated carbon is transferred entirely to production and root pools to 
develop flowers and roots. Rhizomes grow over time through reallocation of a part of the root 
carbon pool to the rhizome pool. The reallocation fractions from root to rhizome are dynamically 
adjusted as a function of Wa (Eq. B8). In order to elongate the root to acquire more water under 
water stress conditions, the reallocation carbon fractions from root to rhizome pool are reduced 
according to Eq. B8. During the post reproductive stage, seed is produced for switchgrasses 
through increasing the fraction of leaf-assimilated carbon given to production pools. However, 
no carbon is allocated to production pools for Miscanthus, which has no seed production. 
Finally, the dynamic carbon allocation factor for each vegetation pool is modified by examining 
whether the minimum belowground/aboveground ratio (RSmin) is sufficient to maintain the 
structure of each grass. If this condition is not satisfied, all new assimilated carbon is allocated to 
root and rhizome. The senescence process follows the initiation of flowering. The leaf, stem, 
root, and rhizome senesce at fixed turnover rates (rltleaf, rltstem, rltroot, rltrhizome) (Table B1), while 
leaf loss can be intensified due to dry or cold conditions. If the spring frost damage is triggered, 
the mortality of rhizomes, roots, and aboveground biomass increases linearly according to the 
Eqs. B9–B10. The fraction of rhizome mortality due to over-winter injury is assumed to be an 
exponential function of latitude (Eq. B11). The function is developed by regressing the reported 
values of standing/rhizome fraction loss (Casler et al., 2004; Lemus et al., 2002) on Tavg_min. 
3.2.2.3 Parameterization of N translocation rate for bioenergy grasses 
Temperate perennial grasses can mobilize N from actively growing tissues to rhizomes in 
response to winter or dry conditions (Heaton et al., 2009). This N can be reallocated to actively 
growing tissues in the following year and thus is important to maintain long-term N availability 
for growth of bioenergy grasses. N translocation for natural vegetation has been implemented in 
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N cycle process in ISAM and the N availability on carbon assimilation is parameterized by 
linearly adjusting potential maximum carboxylation rate (Vmax) with N availability (Yang et al., 
2009; Barman et al., 2014a, b). Here, we parameterized N tranlocation rate (Rcyc) for bioenergy 
grasses based on measured seasonal variability in standing N and biomass for Miscanthus and 
Cave-in-Rock at Urbana, IL, site (Heaton et al., 2009) (Table B1). It is assumed that Rcyc is 
uniform across the different region and Alamo has the same Rcyc value as Cave-in-Rock in this 
study. 
3.2.2.4 LAI calculation 
LAI is calculated as a function of leaf carbon and specific leaf area (SLA, defined as a 
ration of leaf area to leaf biomass). SLA for bioenergy grasses can vary with photoperiod. 
According to Van Esbroeck et al. (Van Esbroeck et al., 2003), variation of leaf area with 
photoperiod differs among switchgrass cultivars. They found that the leaf size and number for 
Cave-in-Rock increased when the photoperiod increased from 12 to 16 h, but the reverse was 
true for Alamo. These results indicate that SLA for the northern cultivar (Cave-in-Rock) 
decreases from north to south due to exposure to shorter than normal day length in the summer, 
while SLA for southern cultivar (Alamo) decreases from south to north due to exposure to longer 
than normal day length in the summer. To parameterize photoperiod-sensitive SLA, we take the 
SLA in the natural origin of each cultivar (SLA0) (Table B1) as a reference value and calculate 
SLA at each grid cell as a function of day length during the vegetative stage according to Eq. 
B12. It is assumed that the function between SLA and day length for Miscanthus is the same as 
that for Cave-in-Rock in this study. 
3.3 MODEL CALIBRATION AND EVALUATION USING DATA FROM VARIOUS 
SITES 
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3.3.1 Description of sites and database 
The field observation data for Miscanthus and Cave-in-Rock and Alamo switchgrasses 
from three sites in the USA were used to calibrate the model (Table 3.1). The choice of these 
sites for calibrations was due to the availability of the comprehensive observation data sets to 
calibrate the model parameters and processes. The Champaign-Urbana site 1 (CU1) for 
Miscanthus represents the earliest Miscanthus-growing region in the USA, whereas the CU2 site 
and Temple, TX (TE), site are at Cave-in-Rock’s and Alamo’s origin. The detailed soil and 
climatic characteristics as well as data available for different variables for each site are listed in 
Table 3.1. 
The yield data collected at 17 Miscanthus planting sites (M1–M17), 28 Cave-in-Rock 
planting sites (C1–C28), and 22 Alamo planting sites (A1–A22) (Table B2) were used to 
evaluate the model performance in diverse environmental conditions. This measurement 
database aims to include available field experiments that could represent diverse environmental 
conditions and different geographical region. Field experiments with more than one time of 
harvest frequency per year and/or irrigation are excluded in this database, since current model 
has not considered these management practices. This database covers a large geospatial area of 
the USA, ranging from 26.68°N to 41.17°N for Miscanthus, from 26.22°N to 46.88°N for Cave-
in-Rock switchgrass, and from 26.22°N to 39.62°N for Alamo switchgrass (Figure 3.3). The soil 
texture and climatic characteristics are quite diverse at evaluated sites (Table B3). The annual 
mean air temperature during study years varies along the latitude gradient from 8 °C at the most 
northern site (Mandan, ND) to 24.5 °C at the most southern site (Weslaco, TX). The validation 
sites for Miscanthus cover five PHZs (PHZ 5–10a) with an average minimum air temperature of 
−28.9 to 1.7 °C. The validation sites for Cave-in-Rock include more northern PHZs ranging from 
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PHZ 4a to PHZ 9b, with an average minimum temperature of −34.4 to −1.1 °C. Field 
experiments usually fail to establish Alamo switchgrass from PHZ 1a–5b due to extreme cold 
winter condition (personal communication with M. Casler); thus, the validation sites for Alamo 
switchgrass only cover the region from PHZ 6a to 9b. The annual total precipitation follows the 
distinct longitude pattern with relatively less precipitation at the western sites and relative more 
precipitation at the eastern sites (Table B3). At most of validation sites have made efforts to 
mitigate the edge effect through excluding sampling from the edge of the plot, adjusting alley 
width, subsample size, planting density, harvest length, etc. (Maughan et al., 2012; Kiniry et al., 
2012). Detailed management information, such as planting time, seedling/rhizome planting 
weights, harvest frequency and time, fertilizer and irrigation, etc., were collected from references 
listed in Table B3. 
3.3.2 Model calibration 
Hourly climate data for mean surface air temperature, precipitation rate, the incoming 
shortwave radiation, long-wave radiation, wind speed, and specific humidity are taken from 
North American Land Data Assimilation System (NLDAS-2) climate database (0.5  ×  0.5°) 
(Mitchell et al, 2004). Soil texture data is taken from the State Soil Geographic Database 
(STATSGO2) (http://soildatamart.nrcs.usda.gov.). Both of these are used to drive the model 
simulation for each calibrated and validated site at an hourly time step. We start the modeling 
calculations for each site by prescribing current land cover distribution and atmospheric CO2 
concentrations of 369 ppm, representative of approximate condition in 2000, to allow soil water 
and soil temperature to reach an initial steady state, which takes approximately 200 years of 
model runs. Then, we assume that each site is fully covered with the corresponding bioenergy 
grasses (Miscanthus/Cave-in-rock Rock/Alamo) and run the model based on site-specific 
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planting time, seed weight, and harvest time for each site (Doleman et al., 2009; 2012; Dohleman 
and Long, 2009; Heaton et al., 2010). 
The model parameters are calibrated and validated by minimizing the total sum of the 
squares of the difference between simulated and observed data for each bioenergy grass at each 
calibrated site (Song et al., 2013). The calibrated processes and corresponding parameters are 
listed in the Table 3.2. 
3.3.2.1 Best fit model results for carbon assimilation, LAI, and above- and belowground 
biomass 
We use the refined Willmott’s index (dr) (Willmott, et al., 2011) to quantify the degree to 
which observed carbon assimilation rates, LAI, and biomass (aboveground, root, and rhizome 
biomass) are captured by the model. The dr is calculated as Eq. 3.2 and varies from −1 to 1. The 
value of 1 indicates perfect agreement between the modeled and observed values, while a dr of 
−1 indicates either lack of agreement between the model and observation or insufficient variation 
in observations to adequately test the model. The dr is calculated as: 
𝑑𝑟 = 1− |𝑃!!!!! − 𝑂!| 2 |𝑂! − 𝑂|!!!!2 |𝑂! − 𝑂|!!!! |𝑃!!!!! − 𝑂!|− 1                            𝑖𝑓   |𝑃!!!!! − 𝑂!| ≤ 2 |𝑂! − 𝑂|!!!!                         𝑖𝑓     |𝑃!!!!! − 𝑂!| > 2 |𝑂! − 𝑂|!!!!       Eq.3.2 
Here, Pi and Oi are the individual modeled and observed data, respectively. Ō is the mean 
of observed values. N is the number of the paired observed and modeled data. Based on the 
availability of observed carbon assimilation rate, we compare modeled with measured gross 
carbon assimilate rates (A) for Miscanthus and Cave-in-Rock as well as modeled with measured 
net carbon assimilation rate (An  =  A-leaf respiration) for Alamo switchgrass. 
The dr values for A/An vary between 0.73 and 0.76 (Table 3.3), indicating that the model 
is able to capture the measured variations in carbon assimilation rates for all grasses. Modeled 
and measured carbon assimilation rates compare favorably across different growing seasons 
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(Figures 3.2a–c). The measured data is only available for Cave-in-Rock, and the comparisons 
between the modeled and measured hourly gross carbon assimilation rates for Cave-in-Rock at 
canopy level show close agreement (dr  =  0.75) (Figure B1), suggesting that the model is not only 
able to capture the daily assimilation rates for energy grasses but also the measured diurnal 
variability in carbon assimilation. The model also captures the seasonal development of LAI and 
its inter-annual variability for each three of energy grasses (Figures 3.2d–f). The dr values 
calculated with all available data for three grasses vary between 0.78 and 0.90 (Table 3.3). 
The modeled aboveground biomass production across two Miscanthus-growing seasons 
and three Alamo-growing seasons is in good agreement with the measured intra-annual and 
inter-annual variations (Figures 3.2h, j), with an exception for a slight underestimation of peak 
biomass for Miscanthus at the CU1 site. The dr values are 0.83 and 0.87 for Miscanthus and 
Alamo grasses (Table 3.2). Because of the unavailability of the measured data for Miscanthus, 
we have not compared the modeled belowground biomass results with measurements. More 
importantly, the modeled root biomass for Alamo grass at the end of two continuous growing 
seasons is close to measured values (Figure 3.2j), indicating that the model is able to predict 
continuous root growth across multiple years for Alamo grass. The model also accurately 
predicts the mean biomass partitioning among aboveground biomass, root, and rhizome across 
three continuous years for Cave-in-Rock (Figure 2i). The relatively low dr values of 0.54 for root 
and 0.51 for rhizome are attributed to the overestimations of root and rhizome biomass at the end 
of growing season. These overestimations are due to the overestimation of carbon allocation to 
belowground pools at the end of growing season, when the minimum belowground/aboveground 
ratio (RSmin) is not satisfied to maintain the grass structure and thus model allocates all 
assimilated carbon to root and rhizome. This happens due to the uncertainty in parameterization 
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of RSmin, which is attained in this study based on the measurement of a greenhouse experiment 
(Barney et al., 2009) and is assumed that its value does not vary spatially. However, the modeled 
root and rhizome biomass values still fall within the maximum measured uncertainty range 
values (Figure 2i). Overall, the calibrated model is able to capture the diurnal and daily carbon 
assimilation rate and intra-annual and inter-annual variation in LAI and biomass production. 
3.3.3 Model evaluation 
We evaluate model performance for estimated yields for each bioenergy grass across all 
evaluation sites discussed in Description of Sites and Database. First, the modeled and observed 
multi-year yields are averaged over the measured years to calculate the modeled and observed 
mean yield for each evaluation site. Then, the degrees to which observed mean yield across all 
sites are captured by modeled values are quantified by dr as discussed in section 3.3.2.1. The 
averaged tendency of the modeled yields relative to measured yields for each site is evaluated by 
calculating percent bias (PBIAS) (Eq. 3.3) (Moriasi et al., 2007). Here, Yio and Yim are the 
modeled and measured yearly yields for the year i at each site. N is numbers of available data for 
each site. The closer the value of PBIAS is to zero, the higher the accuracy of the model results 
is and the smaller the bias in the model results is. Positive PBIAS indicates the model 
underestimates the yield, and negative PBIAS indicates that the model overestimates the yield. 
The standard deviations (SD) from the mean for modeled and measured yields are calculated for 
each site using Eq. 3.4. Here, Yi is the yearly yield for the year i and 𝑌is the mean yield over N 
numbers of measured years for each site. The ± SD in mean yield represents the range of 
modeled and measured yields at each site. The comparison between modeled and observed SDs 
determines whether the model is able to capture the yearly yield variability at each site. 
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𝑃𝐵𝐼𝐴𝑆 = (!!!!!!!)!!!! !!!!!!! ×  100%                                                                                 Eq.3.3 
 
                𝑆𝐷 = (!!!!)!!!!!!!!                    Eq.3.4 
3.3.3.1 Evaluation of model estimated yields 
Overall, the modeled yields for Miscanthus, Cave-in-Rock, and Alamo are in good 
agreement with measured yields at evaluation sites, with dr values of 0.87, 0.83, and 0.66, 
respectively. Except for the sites where the peak yield for growing season is harvested, the 
modeled mean harvested yield is around 30 % lower than the simulated mean peak yield for each 
grass (Table 3.4). This is in agreement with recommended harvest management, which suggests 
that harvest until winter or early spring will induce approximately 33 % reduction from peak 
biomass (Lewandowski et al., 2003). However, there are still some specific sites where the 
model is unable to accurately capture the observed yields. 
The PBIAS values for Miscanthus yield are −66.7 % for Booneville, AR, site, −35.7 % 
for Stillwater, OK, site, and 54.6 % for Kingsville, TX, site, respectively (Table 3.4), indicating 
the overestimation of Miscanthus yield at Booneville and Stillwater sites, but the 
underestimation at the Kingsville site. The sampling variability (Table 3.4) is equal to 58, 60, 
and 66 % of measured mean yields at Booneville, Stillwater, and Kingsville, respectively. The 
higher sampling variability at the three sites suggests that there is a large environmental 
heterogeneity at each site, and ISAM is unable to capture the heterogeneity effect on spatial 
yield. 
For Cave-in-Rock (Table 3.4), ISAM underestimates yield at two TX sites: Weslaco 
(PBIAS  =  57.8 %) and Kingsville (PBIAS  =  34.2 %). The sampling variability is also high at 
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these two sites, which is equal to around 50 % of measured mean yields. This indicates that 
ISAM fails to capture large environmental heterogeneity at these two sites. The higher model 
bias is also observed at the Brownstown, IL, site, where the modeled yield for Cave-in-Rock is 
about 31 % higher than observed yield (Table 3.4). According to Dohleman (Dohleman, 2009), 
this site has a poor soil quality and weed pressure that might have slowed down the 
establishment of Cave-in-Rock and thus produced relatively low yield. However, ISAM is not 
able to capture the poor soil quality effect due to uncertainty in soil data used in our calculation, 
nor ISAM accounts for weed pressure effects. 
In the case of Alamo yield, the largest model bias is observed at Jackson, TN, site, where 
the model overestimates yield with the bias magnitude of 45.1 % (Table 3.4). The Jackson site 
has a shallow soil depth and thus low water capacity, which limits the root development and 
lowers the yield due to water stress conditions (Parrish et al., 2003). The model is unable to 
simulate shallow soil depth and its effects on soil water capacity due to lack of high-resolution 
bedrock data, leading to overestimation of Alamo yield at this site. Otherwise, higher PBIAS 
values (Table 3.4) at the Kingsville, TX (PBIAS  =  41.4 %) and the Weslaco, TX 
(PBIAS  =  32.2 %) sites indicate that the model also underestimates Alamo yields at two sites due 
to the same reason discussed above. 
The comparisons between modeled and measured SD values for yields at different sites 
indicate that the model is able to capture the measured yearly yield variability at most of the sites 
(Table 3.4), with the following exceptions: at the Elsberry, MO, site, the measured yearly yield 
variability for Miscanthus (16.1 t/ha) is seven times higher than the modeled yield variability 
(2.2 t/ha). Kiniry et al. (2012) indicates that the maximum Miscanthus LAI at this site increases 
from 3.6 in 2010 to 7.6 in 2011 and thus leads to almost two times of increase in yield from 2010 
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to 2011. However, the model is unable to capture this yearly increase in maximum LAI and thus 
the yield during the second and the third year after establishment. For Cave-in-Rock, the 
measured yield variability at the Kingsville, TX, site (1.6 t/ha) is seven times higher than the 
modeled yield variability (0.2 t/ha). The mismatch between modeled and measured yearly yield 
variability at this site could be due to the same reasons as discussed above. The apparent 
underestimation of modeled yearly variability in Alamo yield is shown at the Nacogdoches site, 
the Blacksburg site, the Jackson site, and the Kingsville site (Table 3.4). The underestimation of 
yearly variability in Alamo yield at the Nacogdoches site is due to underestimation of yearly 
maximum LAI variability during the second and the third year after establishment, while the 
disagreement between modeled and measured yearly yield variation at the Jackson site and 
Kingsville site is due to lack of high-resolution bedrock data or lack of large spatial 
heterogeneity of environmental factors within the site as discussed above. The Blacksburg site is 
situated on a steep slope and thus has a low water infiltration (Fike et al., 2006a), which leads to 
a strong sensitivity of Alamo yield to precipitation. ISAM currently fails to capture steep slope 
conditions and hence the lower water infiltration. Most of the trial sites selected for our analysis 
have multiple years of data sets, with the exception of three Miscanthus sites in Florida. We 
include these three sites in our model analysis because there are not many sites available in the 
literature for Miscanthus yield data in Florida. The statistical analysis suggests that accounting of 
these three sits does not skew the statistics for evaluating the model performance on Miscanthus 
yield simulation. The recalculate dr value without including these three sites was as high as 0.85, 
which was not significantly different than with including case value of 0.87. 
In summary, the model is able to capture observed mean yields and their variations for 
three energy grasses under diverse environmental conditions in the USA. The high model biases 
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for some sites in extreme southern TX are due to site-level environmental heterogeneity not 
captured in the model. The uncertainties in bedrock and slope data sets also partly explain the 
model biases in Alamo yields and their variations at specific sites. 
3.4.ESTIMATING YIELD ZONES BASED ON SPATIAL AND TEMPORAL 
VARIATIONS FOR BIOMASS YIELD FOR ENERGY GRASSES 
Information on potential bioenergy yields in space and time will be crucial in order to 
improve estimation of feedstock supply areas for biorefineries and to reduce biomass producer 
risk (Schmer et al., 2009). However, spatial variations for bioenergy feedstock could vary with 
time and space due to changes in environmental conditions, such as temperature and 
precipitation, and soil characteristics. Here, we carried out quantitative analysis of biomass yield 
of bioenergy grasses to identify the spatial and temporal trends in the USA using the 
methodology described by Blackmore et al. (2003) and later on applied by other studies (Schmer 
et al., 2009). This methodology identifies the regions where yields could be high or low and 
stable or unstable in time. 
In order to estimate spatial and temporal pattern of biomass yields over the period 2001–
2012, the model is first initialized with NLDAS-2 climate (Mitchell et al., 2004) and 
STATSGO2 soil database (Soil Survey Staff, http://soildatamart.nrcs.usda.gov) along with 
current land cover and atmospheric CO2 concentrations for year 2000 until soil temperature and 
moisture reach steady state. Energy grasses were then planted with commonly reported seedling 
and rhizome planting densities, which were 4,850 rhizomes/acre (approximately 600 kg/ha) for 
Miscanthus (Pyter et al., 2007) and 8.5 kg/ha of seeds for Cave-in-Rock and Alamo (Rinehart, 
2006). We follow the agronomic practices to grow switchgrass and Miscanthus at site level 
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calculations based on the information provided in the literature for each site. For the US-scale 
calculations, we prescribe agronomic practices based on Lee et al. (2014). 
Here, we use spatial yield patterns estimated by ISAM at 0.5°  ×  0.5° to assess the regions 
which continuously produce higher (or lower) yields due to favorable (or unfavorable) 
conditions, such as soil and topography characteristics and regional climate conditions. A single 
spatial yield pattern of each bioenergy grass is presented as the arithmetic mean (AM) of yearly 
yield for the period 2001–2012 at each grid point. Here, we exclude low and unstable yield in the 
establishment year at each grid point. The thresholds, which classify high and low yield zones, 
are defined as the median value of the AM of yield over the period 2001–2012 for all grid cells. 
To quantify the effects of environmental factors on spatial yield pattern, the statistical 
significance of the differences in environmental variables between high and low yield zones is 
analyzed by rank-sum test (Gibbons and Chakaraborti, 2011) and comparing the median values 
of each environmental variable for high and low yield zones. The environmental variables 
considered here include the following: mean air temperature (T), mean short wave radiation 
(Ra), accumulated precipitation (P), and mean Wa during the growing season and photoperiod 
during the vegetative stage (Lday). The value of each environmental variable at each grid point is 
expressed as its multi-year mean values over the time period 2001–2012. 
The yearly variations in yield over the period 2001–2012 at each model grid are used to 
assess the extent to which yields vary temporally. The degree of temporal variability in yields is 
measured as temporal variance defined as the square of the standard deviation (SD2) at each grid 
cell (Blackmore et al., 2003). The lower the variance is, the lower the extent to which yield 
varies temporally due to variation in weather conditions, and thus the greater the temporal yield 
stability. The threshold values of temporal variance in yield are used to define stable 
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(SD2  ≤  threshold) and unstable (SD2   >  threshold) yields for each bioenergy grass. The threshold 
value for temporal variance in yield can be assigned according to multiple criteria and could 
include choosing a fraction of the coefficient of variation or relating it to potential management 
practices (Blackmore et al., 2003). We assign the threshold value of temporal variance for each 
bioenergy crop where SD (the square root of the temporal variance) is about 16 % of the 
bioenergy’s median crop yield (values defined above). A sensitivity analysis suggests that 
choosing a threshold value based on SD being greater than about 16 % results in an insignificant 
number of grid points being identified as unstable. 
To quantify how variability in climate variables influences temporal yield variability, we 
calculate the coefficient of variation (CV) for each climate variable over the time period 2001–
2012 at each grid cell. CV defines as the percentage fraction of standard deviation of each 
climate variable to its mean value over the time period 2001–2012, and thus indicates the relative 
variability of each climate variable relative to its mean value. The significance of difference in 
CV values of each climate variable between stable/unstable yields zone is firstly tested through 
rank-sum test and then quantified by comparing estimated median values for CV in 
stable/unstable yield zones. Since soil texture can influence the sensitivity of yield to variability 
in climate variables, here we also calculate the CV values for Wa over the same period and 
compare its difference between stable/unstable yield zones. 
After assigning the threshold values for high/low yield classification and stable/unstable 
yield classification, the spatial trend and temporal variations are then grouped together into four 
yield class zones: high and stable yield zone (HS), high and unstable yield zone (HU), low and 
stable yield zone (LS), and low and unstable yield zone (LU). The HS yield zone is more 
appropriate to grow bioenergy grasses with stable high yields, whereas the yield in HU zone is 
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sensitive to the variance in weather variables. The LS yield zone is not appropriate to grow 
bioenergy grasses due to unfavorable climate and soil characteristics. Finally, yields in LU zones 
are uncertain due to high variance. Future climate change that may increase precipitation may 
increase the yield in this zone. 
3.4.1 Estimated spatial yield patterns for energy grasses 
The model simulates no establishment of Miscanthus in the region above the PHZ 4 
(Figure. 3.3a). This is in agreement with most field experiments, which fail to establish 
Miscanthus in upper Michigan, the northern part of lower Michigan, as well as northern 
Vermont, New Hampshire, and Maine. The extreme low over-winter temperatures in these 
regions induce almost 100 % rhizome mortality and thus no survival of Miscanthus. In addition, 
the model also simulates no survival of Miscanthus in the western Great Plains (Figure. 3.3a) 
where accumulated precipitation over the growing season is estimated to be less than 400 mm 
(Figure B2a). Except for region with no survival of Miscanthus, there are large spatial variations 
with average annual yields for the time period 2001–2012 ranging between 2 and 25 t/ha. High-
yield zones with yield of more than 15 t/ha are located in the central Midwest, Kentucky, 
Tennessee, and the upper south Atlantic region. The results suggest that there are significant 
differences in P, mean Wa, mean Ra, and mean Tg during the growing season and mean 
photoperiod during the vegetative stage (Table 3.5) between high/low yield zone for Miscanthus. 
In addition, the results indicate that high yields are supported by high precipitation 
(P  >  600 mm), moist soil condition, Tg less than 296 K, and longer mean photoperiod during the 
vegetative stage (Figures B2a, g, j). In contrast, low precipitation amount reduces Wa for the 
Miscanthus growth in the eastern Great Plains, leading to less than 10 t/ha of yield (Figure 3.3a), 
whereas the low Miscanthus yields in the southern USA are due to too warm conditions (Tg   
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>  296 K). High temperature reduces carbon assimilation rates and thus the yield in this region. 
Moreover, too warm condition here delays the senescence process and reduces N translocation, 
leading to N limitation for the growth in the following year. In addition, the shorter than normal 
day length in the southern USA induces earlier flowering time, which reduces leaf size and 
number and thus carbon assimilation (Van Esbroeck et al., 2003). 
Similar to Miscanthus, the model simulates no survival of Cave-in-Rock in the western 
part of Great Plains, mainly the region located in the west of the 100th meridian. Limited 
precipitation together with poor soil texture in the northwest of Nebraska induces strong water 
limitation on the establishment of Cave-in-Rock. Cave-in-Rock could survive in most of the rest 
part of the eastern USA, except for region above PHZ 3, where grass may not survive due to too 
cold winter conditions. The Cave-in-Rock yield in its establishment region has an estimated 
range between 2 and 15 t/ha, with the critical value for classifying high/low yield zone of 
9.4 t/ha. Cave-in-Rock can share the same high yield zone as that for Miscanthus (Figure 3.3b). 
In addition, there is also high yield in Iowa, eastern Nebraska, eastern Kansas, and eastern 
Oklahoma. Table 5 suggests that the high Cave-in-Rock yield zones are attributed to high 
precipitation (P  >  500 mm), moist soil condition, and suitable temperature (Tg >296 K) during 
the growing season and longer mean photoperiod during the vegetative stage (Figure B2b, h, k). 
Yields in central Great Plains (Figure 3.3b) are low due to less than 500 mm of precipitation 
during the growing season together with poor soil texture, which limits the water availability for 
Cave-in-Rock growth (Figure B2b, k). As discussed for Miscanthus, lower Cave-in-Rock yields 
(<6 t/ha) in the southern USA are due to too hot conditions and shorter than normal day length. 
Unlike Miscanthus and Cave-in-Rock, Alamo may not be established in most of the 
northern USA. This is agreement with the field experiments, which suggest that Alamo usually 
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could not adapt to the region above PHZ 6 because unfavorable cold winter conditions, which 
could induce almost 100 % of rhizome mortality (Casler, 2012). In addition, Alamo may not 
survive in the western Texas due to too dry conditions in this region. Alamo yields in the rest of 
the eastern USA have the range between 4 and 17 t/ha, with the critical value for classifying 
high/low yield zone of 11 t/ha. The most parts in the bottom of the Midwest, Atlantic Plains, and 
most of the southern USA are identified as high yield zones, except for central Kansas, central 
Oklahoma, and central Texas. Table 3.5 shows that P and mean Wa during the growing season 
are significantly higher in the high Alamo yield zone than that in the low yield zone, whereas 
photoperiod during the vegetative stage is significantly lower in the high yield zone than that in 
the low yield zone. This analysis suggests that high precipitation (P  >  600 mm), moist soil 
condition during the growing season (Figure B2 c, l), and relatively short photoperiod results in 
the high Cave-in-Rock yield. Low yields in central Kansas, central Oklahoma, and central Texas 
are attributed by low precipitation and thus low Wa in the region. 
3.4.2 Temporal yield variations for energy grasses 
The estimated SD2 range between 0 and 64  (t/ha)2 for Miscanthus, 0–13  (t/ha)2 for Cave-
in-Rock, and 0–24  (t/ha)2 for Alamo over the USA (Figure 3.3d–f). Given the median yield 
values for three bioenergy crops, the threshold values for classifying stable/unstable yield zones 
are therefore 7.0  (t/ha)2 for Miscanthus, 2.5  (t/ha)2 for Cave-in-Rock, and 3.0  (t/ha)2 for Alamo. 
Figure 3.4 shows the distribution of SD2 across all grid points, as well as the thresholds for 
temporally stable yields. This curve indicates that the percentage of the total number of grid cells 
with temporally stable yield apparently increases with increasing level of temporal variance, but 
with gradually decreasing rates, as indicated by the first deviation of the curve in Figure 3.4. The 
total grid cells that have temporal yield variances lower than or equal to these thresholds are 
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75 % of Miscanthus, 89 % of Cave-in-Rock, and 84 % of Alamo. However, only 21 % of these 
stable yield zones for Miscanthus, 41 % of stable yields zones for Cave-in-Rock, and 16 % of 
stable yields zones for Alamo can be considered as high yield zones. 
Except for the region in bottom of the Midwest, western Kentucky, western Tennessee, as 
well as central Texas, southern Oklahoma, and eastern Nebraska, Miscanthus yields in the rest of 
the eastern USA are unstable (Figure 3.3d). Table 3.6 shows that the CV values for both 
precipitation and Wa in the unstable yield zones are significantly higher than that in the stable 
yield zone. These results explain unstable Miscanthus yields in eastern Kansas and northern 
Oklahoma, where more than 20 % of relative variability in precipitation together with poor soil 
texture induces more than 10 % of relative variability of Wa (Figures B3a, d) and thus drives 
high yield variations for Miscanthus. Relative to these regions, similar variability in precipitation 
does not induce high variability in soil water availability in moist southern USA (Figures B3a, 
d). Table 3.6 indicates significant difference in radiation and temperature between 
stable/unstable Miscanthus yield zones. Our study indicates that more than 4 % of relative 
variability in radiation following variability in precipitation amount (Figure B3g) drives unstable 
Miscanthus yields in the southern USA (Figure 3.3d). The higher radiation and temperature 
variability (>6 %) in the unstable yield zones mainly control the higher yield variability in the 
central Midwest, such as northern Missouri, northern Illinois, southern Michigan, Ohio, and the 
western Pennsylvania in the northeastern USA (Figure 3.3d). 
Unlike Miscanthus, Cave-in-Rock yield is stable in most of the eastern USA, except the 
regions discussed as follows. Table 3.6 suggests that high variability of precipitation, Wa, 
radiation, and temperature induce unstable Cave-in-Rock yield. The unstable yields in the eastern 
Great Plains (Figure 3.3e) are due to more than 20 % of precipitation relative variability and thus 
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high variability in Wa (Figure B3b, e). In addition, high relative variability in temperature 
(CV  >  7 %) (Figure B3k) also attributes to the unstable Cave-in-Rock yield in South Dakota and 
North Dakota (Figure 3.3e). Cave-in-rock yields in southern Arkansas and northern Mississippi 
are very sensitive to radiation variation (Figure B3h), even 3 % of relative variability in radiation 
could induce more than 5  (t/ha)2 of yield variation in this region. 
For Alamo, the unstable yield zones are mainly located in eastern Kansas, eastern 
Oklahoma, eastern Texas, and the connection region between Arkansas and Louisiana 
(Figure 3.3f). The significant difference in precipitation and Wa between stable/unstable yield 
zones (Table 3.6) indicates that high Alamo yield variability here is the response to high 
precipitation and Wa variability (Figure B3c, f). In addition, there is also unstable Alamo yield in 
West Virginia and Maryland (Figure 3.3f), which is related to high relative variability of 
temperature in this region (Figure B3l). 
3.4.3 Homogeneous spatial zones based on the spatial and temporal trends in yield for 
energy grasses 
Figure 3.3g–i shows that all three zones (HU, LU, LS) are usually successively 
distributed, northward, southward, and westward from HS zones for Miscanthus and Cave-in-
Rock, but northward and westward from HS zones for Alamo. 
There are some common trends for three bioenergy grasses in the distribution of yield 
zones in the USA. The HS yield zones for three bioenergy grasses are in southern Missouri, 
northwestern Arkansas, southern Illinois, southern Indiana, southern Ohio, western Kentucky, 
and part area of northern Virginia (Figures 3.3g–i). The highest Miscanthus yield is almost 1.8 
and 1.5 times higher than that for Cave-in-Rock and Alamo in these regions. The LS yield zones 
for Miscanthus and two cultivars of switchgrasses are located in the upper part of north central, 
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northeastern, and northern New England as well as the western parts of the Great Plains 
(Figures 3.3g–i). Three bioenergy grasses usually could not be established in these regions 
(Figures 3.3a–c). 
Parts of the Midwest region, such as northern Illinois, Indiana and Ohio, and eastern 
Kentucky are HU yield zones for Miscanthus (Figure 3.3g) and HS zones for Cave-in-Rock 
(Figure 3.3h), but LS yield zones for Alamo (Figure 3.3i). Most of the areas in Tennessee, 
southern Virginia, and North Carolina are HS yield zones for Cave-in-Rock and Alamo, but HU 
yield zone for Miscanthus. Most areas of the southern USA are the HS yield zone for Alamo, but 
the LU yield zone for Miscanthus and LS yield zone for Cave-in-Rock. In eastern parts of Great 
Plains, both Cave-in-Rock and Alamo show the transition from HU to LU yield zones along an 
east-to-west gradient. However, Miscanthus is usually low and unstable in this region. 
Overall, the HS yield zones for the three bioenergy grasses discussed here are more 
suitable to grow bioenergy grasses with minimum natural resource investment. Extra 
management practices such as irrigation, especially in the dry year, might help to increase the 
stability of bioenergy grass yields in the HU yield zones. Upper part of north central, 
northeastern, and northern New England and western parts of Great Plain, defined as LS yield 
zones, are not appropriate to grow Miscanthus and Cave-in-Rock and Alamo switchgrasses. 
There could be some other bioenergy crops or other switchgrasses cultivars that may be grown in 
this region. 
3.4.4 Comparing ISAM estimated bioenergy yields with other studies 
We compare ISAM estimated biomass yields for energy crops with previously published 
model studies that simulate bioenergy yields either at a regional or US scale, including Miguez et 
al. (2012, WIMOVAC (BIOCRO)), VanLoocke et al. (2012, Agro-IBIS model), Zhuang et al. 
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(2013, TEM model), Jager et al. (2010, empirical model), Thomson et al. (2009, EPIC model), 
and Behrman et al. (2013, ALMANAC model). The major characteristics and the main results of 
these models along with ISAM are listed in Table 3.7. All models, with the exception of Jager et 
al. (2010), are process-based models, which simulate carbon assimilation and allocation 
processes for Miscanthus and/or switchgrasses. Among these models, the EPIC and ALMANAC 
models use radiation use efficiency to calculate switchgrass yields (Thomson et al., 2009; 
Behrman et al., 2013), while other models use more detailed biophysical methods to simulate 
carbon assimilation. The major distinction between ISAM and other models is that ISAM is the 
only model, which accounts for dynamic response of carbon allocation, LAI growth, as well as 
root growth and distribution among the soil layers to environmental factors, such as 
precipitation, temperature, and radiation. Similar to EPIC and ALMANAC model, ISAM also 
parameterizes Cave-in-Rock and Alamo separately. 
 In terms of Miscanthus yield, ISAM estimates consistently higher yields in the central 
and southern Midwest Corn Belt than that in other regions, which is similar to BIOCRO, Agro-
IBIS, and TEM models. However, the ISAM estimated highest yield in this region, which is 
25 t/ha and similar to TEM estimated highest yield value of 21.5 t/ha, is almost 38 % lower than 
the BIOCRO model estimated highest yield of 40.5 t/ha and 31 % lower than the Agro-IBIS 
estimated highest harvested yield of 36 t/ha. This difference could be due to the fact that these 
two models use different sets of observation data to calibrate the model parameters. ISAM is 
calibrated based on the observation data from a large plot at Champaign-Urbana (plot size 
0.2 ha) site, whereas BIOCRO and Agro-IBIS are calibrated based on observed data from a small 
plot at the same site (plot size 0.01 ha). Crops planted at the plot boundary usually have higher 
yields than that planted in the center of the plot, because there is higher level of sunlight at the 
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boundary, reslting in a higher photosynthesis rates. Due to this edge effect, the observed 
aboveground biomasses for the small plot for years 2007 and 2008 are as high as 2.9 times as 
compared to the observed data for the large plot (Dohleman, 2009; Mclsaac et al., 2010). In 
addition, ISAM and BIOCRO model estimated spatial yield patterns differ in the south USA. 
ISAM estimated Miscanthus yield in the southern states, including eastern Texas, Louisiana, 
Mississippi, Alabama, Georgia, and Florida, is lower than 8 t/ha, but BIOCRO model estimated 
yield is usually higher than 20 t/ha in this region. Observed data (Table 3.4) from sites in 
Arkansas, Texas, Oklahoma, and Florida suggests that ISAM estimated Miscanthus yield in the 
southern USA is consistent with measured values at these sites, whereas BIOCRO model may 
have overestimated Miscanthus yield in the southern US. 
For Cave-in-Rock switchgrass, all models, including ISAM, estimate higher yield for 
Illinois, Indiana, Ohio, Iowa, and Missouri. ISAM estimated highest yield for Cave-in-Rock in 
these states is 15 t/ha, which is consistent with ALMANAC estimated yield of 14 t/ha, but 
slightly higher than EPIC estimated highest yield of around 12 t/ha and TEM estimated highest 
yield of 10.8 t/ha (Table 3.7). 
For Alamo switchgrass, all models simulate higher yield in the southern US states, 
including Louisiana, Mississippi, and Alabama. ISAM estimated highest yield for Alamo in 
these states is 17 t/ha. This estimated yield is consistent with EPIC estimated highest yield of 
16 t/ha in this region and falls in the range (15–20 t/ha) of BIOCRO model estimated yields in 
this region. However, ISAM estimated yield along the Gulf coast and Florida (15–17 t/ha) is 
lower than ALMANAC estimated higher yield (>18 t/ha) for the same region. One of the reasons 
for this difference could be due to the fact that the two models follow different N management 
practices. The simulation with ALMANC applies 100 kg/ha N per year after establishment, 
84 	  	  
whereas ISAM assumes no N fertilizer applications. This may have led to N limitation on Alamo 
growth in the ISAM simulated yield. 
Overall, ISAM is able to simulate yields for bioenergy grasses under diverse 
environments conditions in the USA, especially in central and south of study domain, where 
model performances have been widely validated by the observed data. In north central, 
northeastern, and northern New England, an empirical function has been introduced to simulate 
the rhizome and stand mortality due to over-winter injury. Our model estimates less than 8 t/ha 
of Miscanthus yields in the most south part of Michigan, which is consistent with reported 
Miscanthus yield range (1.47 to 9.0 t/ha) in this state (Pennington, 2013). This result suggests 
that the model is able to capture the effect of rhizome mortality due to over-winter injury. 
However, model estimated yield for Cave-in-Rock in this region is slightly higher (6.0–10.0 t/ha) 
as compared to measurements (Pennington, 2013) (2.9 to 7.3 t/ha). We suggest that more 
observed data is needed in north central, northeastern, and northern New England to further 
validate our model performance. In addition, as discussed in model validation section, the model 
underestimates yields of bioenergy grasses at the bottom of southern Texas due to lack of large 
spatial heterogeneity of environmental factors within specific sites. Thus, the potential yields of 
bioenergy grasses need to be further evaluated with high-resolution data for environmental 
variables, such as soil slope, soil depth, etc. 
3.5 CONCLUSIONS 
The study implements dynamic growth processes, including dynamic carbon allocation 
and root distribution, into a land surface model, ISAM, with specific phenology development 
schemes for Miscanthus and Cave-in-Rock and Alamo. The simulated carbon assimilation rates, 
LAI, and carbon allocation among aboveground and belowground biomass for the three 
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bioenergy grasses are in good agreement with observed data from Urbana, IL, site for 
Miscanthus and Cave-in-Rock, and a Temple, TX, site for Alamo. The modeled mean yield and 
its variation over measured years at 43 different evaluation sites are in good agreement with 
measured yields. The model calibration and evaluation results indicate that ISAM is able to 
capture the spatial and temporal variations in biomass yields for bioenergy grasses in the USA. 
Based on simulated mean bioenergy grass yields and their variances over the period 
2001–2012 in the USA, we identify four yield zones: a high and stable yield zone (HS), a high 
but unstable yield zone (HU), a low and stable yield zone (LS), and a low and unstable yield 
zone (LU). Our results indicate that regional precipitation, temperature, soil water availability, 
and day length control the spatial distribution of high and low yields zones in the USA, whereas 
relative temporal variability in precipitation, temperature, and radiation determines the temporal 
stability and instability in the USA. The HS zones for the three bioenergy grasses are mainly 
located in the regions with precipitation greater than 600 mm and mean temperature 292–294 K 
during the growing season, and includes southern Missouri, northwestern Arkansas, southern 
Illinois, southern Indiana, southern Ohio, western Kentucky, and parts of northern Virginia. The 
highest yield for Miscanthus in these regions is 25 t/ha, which is about 1.8 and 1.5 times higher 
than the highest yield for Cave-in-Rock and Alamo in these regions. Besides the HS zones 
discussed above, Cave-in-Rock yields are also high and stable in northern Illinois, northern 
Indiana, and northern Ohio. Alamo yields are also high and stable in most areas of the southern 
USA, except for eastern Texas, the region between Arkansas and Louisiana, and the connect 
region among Tennessee, Georgia, and South Carolina. However, the lower part of the southern 
USA is usually a LU yield zone for Miscanthus and LS yield zone for Cave-in-Rock. 
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There is certain yield pattern, which is common to all three bioenergy grasses. These 
include the following: low and stable yield for all three grasses in the western Great Plains, such 
as western part of South Dakota, western Nebraska, western Kansas, western Texas, etc., due to 
poor soil texture and low precipitation; low and stable biomass yields in upper part of north 
central, northeastern, and northern New England due to cold temperature conditions. These LS 
yield zones are not suitable to grow three specific bioenergy grasses considered in this study, but 
it is likely possibly that other bioenergy crops or other switchgrasses cultivars perform better in 
these zones. However, the calculations of other bioenergy crops or switchgrasses cultivars are 
beyond the scope of this study and will be implement in the future modeling studies. 
Overall, the ISAM-estimated spatial yields patterns for bioenergy grasses in the USA are 
in agreement with previous model studies. In addition, ISAM can simulate the adaption of 
different bioenergy grasses across the latitudes ranging between 26°N and 41°N for Miscanthus 
and between 26°N and 46°N for switchgrasses by accounting the effect of photoperiod on 
phenology and leaf development and the effect of extreme environmental conditions on 
establishment, carbon assimilation, and phenology. There are significant differences between the 
ISAM and other models estimated highest yields due to differences in the treatment of 
environmental stress factors in different models. With more comprehensive treatment of 
environmental factors, such as water, temperature, light, and nitrogen, on plant phenology and 
carbon allocation, ISAM estimated highest yield for bioenergy grasses is lower than BIOCRO 
and Agro-IBIS estimated values. For Miscanthus, these differences are also due to different 
observational data that is used for model calibration. ISAM is calibrated by data from a large plot 
at the Urbana-Champaign, IL, site, while BIOCRO and Agro-IBIS model are calibrated by data 
from a small plot. The observed aboveground biomasses from smaller plots are much higher than 
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that from the larger plots due to the edge effect, and this effect should be accounted if small plots 
are used for model calibration. The close agreement between the ISAM modeled and measured 
yields at extended evaluation sites (ranging from 26.68°N to 46.88°N) suggests that ISAM is 
able to simulate bioenergy grasses across diverse environments in the USA. Further evaluation of 
modeled yields in southern Texas is needed with high-resolution of soil depth and slope data. 
More measured yield data in north central, northeastern, and northern New England is also 
needed to further assess the model’s performance in these areas. 
The identification of four yield zones for bioenergy grasses in the eastern USA indicates 
that HS yield zones over most of eastern USA are more suitable to grow bioenergy grasses, 
whereas yield instability needs to be considered when assessing the potential yields of bioenergy 
grass in the HU yield zones. The LS yield zones in the upper part of north central, northeastern, 
and northern New England usually could not grow bioenergy grasses due to winter-injury. 
Bioenergy grasses also may not survive in western parts of the Great Plains. Climate change may 
increase the uncertainty in yield variance in HU and LU zones by altering the precipitation 
amount and frequency. 
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CHAPTER 3 TABLES AND FIGURES 
TABLE 3.1 The location of the calibrated site, its soil and climate characteristics, and a list of 
available data that are used to calibrate the model for bioenergy grasses. 
 Miscanthus Cave-in-Rock Alamo 
Calibrated sites 
 Urbana, IL (CU1) Urbana, IL (CU2) Temple, TX (TE) 
Location 40°02!𝑁, 88°14′𝑊 40°03!𝑁, 88°12!𝑊 31°04!𝑁, 97°13!𝑊 
Plot area (ha) 0.20 0.010 0.014 
Soil characteristics Drummer/Flanagan 
series (fine-silty, mixed, 
mesic Typic 
Endoaquoll) 
Drummer/Flanagan 
series (fine-silty, mixed, 
mesic Typic 
Endoaquoll) 
Houston Black clay 
Climate characteristics    
Annual temperature 
(°𝐶)a 12  12  21  
Annual accumulated 
precipitation (mm)a  
1021 1021 895 
Planting time (year) 2005 2002 1992 
 
Available Data  
 
Daily gross leaf carbon 
assimilation rate (A) for 
period 2007-2008 
 
Hourly gross leaf carbon 
assimilate rate (A) for 
period 2005-2006 
 
Daily net leaf carbon 
assimilation rate (An) 
for period 1995-1997 
 LAI for period 2007-
2008 
LAI for period 2005-
2006 
LAI for period1995-
1997 
 Aboveground biomass 
for period 2005-2007 
Mean aboveground 
biomass for period2006-
2008 
Aboveground biomass 
for 1995-1997 
  Mean root biomass for 
period 2006-2008  
Root biomass for1995-
1997 
  Mean rhizome biomass 
for period 2006-2008  
 
Source (Dohleman and Long, 
2009) 
(Heaton et al., 2008; 
Dohleman et al., 2009; 
2012) 
(Kiniry et al., 1999) 
aAnnual temperature and annual accumulated precipitation are averaged over multiple measured years  
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TABLE 3.2 Calibrated parameter values for individual process. The three calibrated parameter 
values separated by comma (,) in the column of calibrated parameters values are for Miscanthus, 
Cave-in-Rock, and Alamo seperately.   
Calibrated process Equations Calibrated parameters Calibrated parameters values 
Carbon assimilation Ball-Berry 
equation 
m 8, 3, 3 
  b 0.03, 0.03, 0.03 [mol m-2 s-1] 
Phenology simulation Eqs. A3-A7 in 
Table A2 
𝐻𝑈𝐼0! 0.10, 0.10, 0.10 𝐻𝑈𝐼0!! 0.12, 0.14, 0.14 𝐻𝑈𝐼0!! 0.30, 0.35, 0.22 𝐻𝑈𝐼0!! 0.66, 0.66, 0.41 𝐻𝑈𝐼0!! 0.78, 0.73, 0.73 𝐻𝑈𝐼0! 1.0, 1.0, 1.0 𝐷! 8, 10, 10 [days] 𝐷!! 50, 50, 50 [days] 𝐷!! 60, 50, 60 [days] 𝐷!! 60, 50, 50 [days] 𝐷!! 76, 56, 76 [days] 
Leaf carbon allocation 
and growth process 
Eqs. B4-6 in 
Table B2 and 
Eqs. A22 in 
Table A2 
𝐴𝑙!! -, 0.30, 0.30 𝐴𝑙!! 0.45, 0.60, 0.6 𝐴𝑙!! 0.44, 0.50, 0.50 𝐴𝑙!! 0.20, 0.30, 0.30 𝐴𝑙!! 0, 0, 0 𝐴𝑙!! 0, 0, 0 
Leaf senescence 
process 
Eq. A39 in 
Table A2 
𝑘𝑙!! 0.035, 0.03, 0.03 𝑘𝑙!! 1.0, 1.0, 1.0 𝑅𝑊!"# 0.91, 1.0, 1.0 
Stem, root, rhizome 
and seed carbon 
allocation process 
Eqs. B4-6 in 
Table B2 and 
Eqs. A22 in 
Table A2 
𝐴𝑠!! -, 0, 0 𝐴𝑟!! -, 0.70, 0.70 𝐴ℎ!! -0.02, -0.02, -0.01 𝐴𝑠!! 0.25, 0.30, 0.30 𝐴𝑟!! 0.30, 0.10, 0.10 𝐴𝑠!! 0.20, 0.20, 0.20 𝐴𝑟!! 0.36, 0.30, 0.30 𝐴𝑠!! 0.60, 0.50, 0.60 𝐴𝑟!! 0.20, 0.20, 0.10 𝐴𝑟ℎ_𝑟!! 0.30, 0.30, 0.30 𝐴𝑠!! 0.15, 0.10, 0.10 𝐴𝑝!! 0.20, 0.40, 0.40 𝐴𝑟!! 0.65, 0.50, 0.50 𝐴𝑟ℎ_𝑟!! 0.50, 0.50, 0.50 𝐴𝑠!! 0, 0, 0 𝐴𝑝!! 0, 0.40, 0.40 𝐴𝑟!! 1.0, 0.60, 0.60 𝐴𝑟ℎ_𝑟!! 0.50, 0.50, 0.50 
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TABLE 3.3 The calculated Willmott index, dr, for various variables of Miscanthus, Cave-in-
Rock, and Alamo. 
Variable Bioenergy grass na dr 
Assimilation Rate (A/An)b Miscanthus 29 0.76 
Cave-in-rock 110 0.74 
Alamo 29 0.73 
LAI Miscanthus 25 0.78 
Cave-in-rock 24 0.90 
Alamo 17 0.87 
Aboveground biomass Miscanthus 30 0.83 
Cave-in-rock 5 0.82 
Alamo 15 0.87 
Root biomass Miscanthus - - 
Cave-in-rock 5 0.54 
Alamo 2 0.82 
Rhizome biomass Miscanthus - - 
Cave-in-rock 5 0.51 
Alamo - - 
an is the total number of available data used to calculate dr 
bA is gross carbon assimilation rate at Urbana, IL site for Miscanthus (CU1) and Cave-in-Rock (CU2).. An is net 
carbon assimilation rate at Temple, TX, site (TE) for Alamo 
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TABLE 3.4 Mean and standard deviation (SD) from the mean for modeled and measured yields, 
modeled peak yield for growing season, sampling variability in measured yield, relative percent 
bias (PBIAS) in modeled yield for each validation site (Miscanthus: M1-M17; Cave-in-Rock: 
C1-C28; Alamo: A1-A22). Here N is the number of years for measured data and mean is 
calculated for N years. 
Site 
ID 
Sites State Latitud
e 
(°) 
Longitud
e 
(°) 
N Mean and SD 
(±) for 
measured 
yield  
(t/ha) 
Mean 
and SD 
(±) for 
modeled 
yield  
(t/ha) 
Modele
d mean 
peak 
yield  
(t/ha) 
Samplin
g 
variabilit
y 
(t/ha) 
PBIAS 
(%) 
M1 Mead NE 41.17 -96.47 2 21.3 ± 5.6 18.3 ± 
3.8 
26.1 - 14.1 
M2 Adelphia NJ 40.23 -74.25 2 12.4 ± 2.9 13.6 ± 
2.7 
19.7 - -9.7 
M3 Champaign IL 40.03 -88.23 2 17.9 ± 4.1 19.8 ± 
2.2 
31.5 - -10.6 
M4 Troy KS 39.77 -95.2 2 8.9 ± 4.9 7.0 ± 2.6 9.7 - 20.9 
M5 Manhattan KS 39.18 -96.58 2 7.3 ± 4.6 6.8 ± 2.5 9.3 - 6.9 
M6 Elsberrya MO 39.16 -90.79 2 33.7 ±16.1 27.9 ± 
2.2 
27.9 4.8 17.2 
M7 Columbiaa MO 38.89 -92.19 2 21.6 ± 5.8 24.1 ± 
3.7 
24.1 7.6 -11.8 
M8 Lexington KY 38.13 -84.5 2 17.4 ± 0.9 18.3 ± 
0.8 
23.9 - -5.5 
M9 Mt. 
Vernona 
MO 37.07 -93.81 2 13.9 ± 3.2 14.6 ± 
1.1 
14.6 7.0 -5.0 
M1
0 
Stillwater OK 36.12 -96.05 2 3.0 ± 0.5 4.0 ± 1.8 4.0 1.8 -35.6 
M1
1 
Fayettevill
ea 
AR 36.09 -94.11 2 10.5 ± 1.4 10.9 ± 
1.0 
10.9 4.4 -3.8 
M1
2 
Booneville
a 
AR 35.08 -93.98 1 4.5 7.5 7.5 2.6 -66.7 
M1
3 
Nacogdoch
esa 
TX 31.5 -94.6 2 4.0 ± 1.2 4.3 ± 2.2 4.3 3.0 -7.6 
M1
4 
Gainesville
b 
FL 29.65 -82.33 1 6.2  6.8 8.0 - -9.7 
M1
5 
Kingsvillea TX 27.54 -97.85 2 5.4 ± 0.3 2.5 ± 0.7 2.5 3.6 54.6 
M1
6 
Onab FL 27.48 -81.92 1 4.5 4.7 7.7 - -4.4 
M1
7 
Belle 
Gladeb 
FL 26.68 -80.67 1 10.8 11.0 13.6 - -1.9 
C1 Dickinson ND 46.88 -102.8 3 4.5 ± 0.9 4.3 ± 0.9 6.4 - 5.1 
C2 Mandan ND 46.8 -100.92 3 5.5 ± 2.7 5.9 ± 2.0 7.8 - -8.5 
C3 Brookings SD 44.02 -97.09 4 3.9 ± 0.5 3.9 ± 1.2 6.2 - -1.9 
C4 Arlington WI 43.33 -89.38 4 14.3 ± 3.2 12.1 ± 
1.1 
14.2 - 15.4 
C5 Dekalb IL 41.85 -88.85 4 8.4 ± 1.8 9.2 ± 2.5 13.9 2.4 -9.6 
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Site 
ID 
Sites State Latitud
e 
(°) 
Longitud
e 
(°) 
N Mean and SD 
(±) for 
measured 
yield  
(t/ha) 
Mean 
and SD 
(±) for 
modeled 
yield  
(t/ha) 
Modele
d mean 
peak 
yield  
(t/ha) 
Samplin
g 
variabilit
y 
(t/ha) 
PBIAS 
(%) 
C6 Champaign IL 40.08 -88.23 2 12.7 ± 2.1 12.3 ± 
2.2 
17.3 4.3 3.2 
C7 Orr IL 39.81 -90.82 3 10.0 ±1.0 10.7 ± 
1.0 
16.2 1.2 -7.0 
C8 Morganto
wn 
WV 39.62 -79.95 3 14.7 ± 0.7 14.2 ± 
1.6 
18.2 - 3.6 
C9 Elsberrya MO 39.16 -90.79 2 13.6 ± 2.2 14.5 ± 
2.3 
14.5 2.8 -6.2 
C1
0 
Brownstow
n 
IL 38.95 -88.96 3 8.2 ± 2.4 10.8 ± 
1.1 
13.8 1.0 -30.8 
C1
1 
Columbia MO 38.89 -92.19 2 8.2 ± 0.8 9.5 ± 0.7 11.3 2.6 -16.0 
C1
2 
Fairfield IL 38.35 -88.35 3 14.7 ± 0.9 14.0 ± 
1.3 
18.1 2.1 4.5 
C1
3 
Dixon 
Spring 
IL 37.45 -88.67 4 10.8 ± 3.4 10.7 ± 
2.1 
14.7 4.2 0.7 
C1
4 
Princeton KY 37.1 -87.82 3 11.8 ± 1.3 10.3 ± 
0.6 
14.1 - 12.4 
C1
5 
Mr. 
Vernona 
MO 37.07 -93.81 2 9.9 ± 4.9 12.4 ± 
3.4 
12.4 3.0 -24.7 
C1
6 
Stillwatera OK 36.12 -96.05 2 11.6 ± 1.0 11.9 ± 
0.9 
11.9 3.0 -2.6 
C1
7 
Fayettevill
ea 
AR 36.09 -94.11 2 10.1 ±0.3 11.2 ± 
0.4 
11.2 5.0 -11.4 
C1
8 
Knoxville TN 35.88 -83.95 3 13.6 ±0.8 12.0 ± 
1.8 
17.1 - 11.3 
C1
9 
Raleigh NC 35.72 -78.67 3 8.2 ± 1.8 8.7 ± 0.5 12.3 - -6.1 
C2
0 
Jackson TN 35.62 -88.83 3 8.1 ± 0.3 7.4 ± 0.1 10.7 - 7.9 
C2
1 
Chickasha OK 35.03 -97.91 7 7.6 ± 1.8 6.6 ± 1.8 9.7 - 13.9 
C2
2 
Dallas TX 32.97 -97.27 4 5.0 ± 2.9 4.2 ± 0.9 5.7 - 15.2 
C2
3 
Nacogdoch
esa 
TX 31.5 -94.6 2 4.7 ± 1.6 5.4 ± 2.2 5.4 2.6 -14.9 
C2
4 
Temple TX 31.06 -97.22 4 3.9 ± 2.1 4.2 ± 0.9 5.7 - -9.1 
C2
5 
College 
station 
TX 30.6 -96.35 3 6.4 ± 3.2 6.0 ± 1.5 6.4 - 6.2 
C2
6 
Beeville TX 28.4 -97.7 4 3.7 ± 1.8 2.9 ± 2.5 2.6 - 7.3 
C2
7 
Kingsvillea TX 27.54 -97.85 2 3.7 ± 1.6 2.4 ± 0.2 2.4 1.8 34.2 
C2
8 
Weslacoa TX 26.22 -98.13 2 4.2 ± 2.2 1.8 ± 0.9 1.8 2.1 57.8 
A1 Morganto
wn 
MV 39.62 -79.95 6 16.4 ± 1.1 15.1 ± 
1.1 
20.2 - 7.9 
A2 Elsberrya MO 39.16 -90.79 2 20.8 ± 0.9 21.1 ± 21.1 5.5 -1.4 
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Site 
ID 
Sites State Latitud
e 
(°) 
Longitud
e 
(°) 
N Mean and SD 
(±) for 
measured 
yield  
(t/ha) 
Mean 
and SD 
(±) for 
modeled 
yield  
(t/ha) 
Modele
d mean 
peak 
yield  
(t/ha) 
Samplin
g 
variabilit
y 
(t/ha) 
PBIAS 
(%) 
2.0 
A3 Columbia MO 38.89 -92.19 2 16.4 ± 4.6 19.2 ± 
4.6 
19.2 6.1 -17.1 
A4 Orange VA 38.22 -78.12 6 17.2 ± 1.8 17.4 ± 
1.1 
22.8 - -1.2 
A5 Blacksburg VA 37.18 -80.42 6 14.3 ± 3.0 15.1 ± 
0.7 
21.9 - -5.4 
A6 Princeton KY 37.1 -87.82 6 14.1 ± 1.6 14.8 ± 
0.7 
22.7 - -5.0 
A7 Mt. 
Vernona 
MO 37.07 -93.81 2 16.2 ± 1.1 16.7 ± 
1.1 
16.7 5.6 -3.1 
A8 Stillwatera OK 36.12 -96.05 2 13.6 ± 1.5 11.8 ± 
3.4 
11.8 5.6 12.9 
A9 Fayettevill
ea 
AR 36.09 -94.11 2 14.9 ± 1.1 16.5 ± 
1.0 
16.5 4.9 -11.1 
A1
0 
Knoxville TN 35.88 -83.95 6 21.7 ± 2.2 19.7 ± 
2.2 
19.7 - 9.3 
A1
1 
Raleigh NC 35.72 -78.67 6 12.3 ± 3.2 12.5 ± 
1.0 
20.1 - -1.8 
A1
2 
Jackson TN 35.62 -88.63 6 9.8 ± 2.0 14.2 ± 
0.5 
22.1 - -45.1 
A1
3 
Hope AR 33.67 -93.58 1 16.8  15.4 23.8 - 8.3 
A1
4 
Dallas TX 32.97 -97.27 4 8.1 ± 5.3 9.2 ± 3.9 14.5 - -12.9 
A1
5 
Stephenvill
e 
TX 32.22 -98.2 1 10.9  10.0 15.4 - 8.3 
A1
6 
Nacogdoch
esa 
TX 31.5 -94.6 2 22.9 ± 10.4 19.5 ± 
2.4 
19.5 9.9 15.1 
A1
7 
Temple TX 31.06 -97.22 4 14.4 ± 2.4 13.9 ± 
0.9 
19.3 - 3.1 
A1
8 
Clinton LA 30.85 -90.05 1 10.7 12.9 20.2 - -21 
A1
9 
College 
station 
TX 30.6 -96.35 4 15.4 ± 3.2 14.3 ± 
2.9 
20.8 - 7.2 
A2
0 
Beeville TX 28.4 -97.7 3 12.7 ± 3.9 11.0 ± 
3.6 
17.6 - 13.4 
A2
1 
Kingsvillea TX 27.54 -97.85 2 22.9 ± 3.9 13.4 ± 
1.0 
13.4 9.4 41.4 
A2
2 
Weslacoa TX 26.22 -98.13 2 22.8 ± 3.3 15.5 ± 
6.6 
15.5 15.1 32.2 
aYield is harvested at the time of peak biomass  
bBased on first year of yield data	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TABLE	  3.5	  Annual median values for various environmental factors averaged over the period 
2001-2012. The values are provided for high and low yield zones for three bioenergy grasses. 
Bioenergy 
grasses 
Yield 
zones 
 Environmental factors  
Accumulated 
Precipitation 
(P) (mm) 
Radiation 
(Ra) (MJ) 
Temperature 
(Tg) (MJ) 
Soil water 
availability 
index (Wa) 
Photoperiod 
(Lday) (hr) Miscanthus	   High	   749a	   19a	   293a	   1.00a	   14.6a	  	   Low	   704a	   22a	   297a	   0.96a	   14.0a	  Cave-­‐in-­‐Rock	  	   High	   669a	   20a	   293a	   1.00a	   14.6a	  Low	   603a	   18a	   297a	   0.95a	   14.1a	  Alamo	  	   High	   754a	   21	   296	   1.00a	   14.0a	  Low	   610a	   20	   296	   0.93a	   14.6a	  
a Variable value is statistically significantly different from Low/High yield zone. The statistical test 
is performed with rank-sum test. The significance level for statistical analysis, α, is 0.01.	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TABLE 3.6 Annual median values of coefficient of variance (CV) averaged over the period 
2001-2012 for various input variables. The values are provided for stable and unstable yield 
zones for three energy grasses 
Bioenergy grass Yield zone CV of 
accumulated 
precipitation [%] 
CV of radiation 
[%] 
CV of 
temperature 
[%] 
CV of 
water 
availability 
[%] 
Miscanthus Stable 20.5a 3.8a 4.1a 4.2a 
Unstable 25.0a 4.3a 4.7a 5.1a 
Cave-in-Rock  Stable 22.9a 3.3a 4.7a 1.7a 
Unstable 27.0a 4.4a 5.0a 11.8a 
Alamo  Stable 24.0a 4.1 3.9a 1.3a 
Unstable 29.4a 4.0 4.4a 18.2a 
a Variable value is statistically significantly different from Low/High yield zone. The statistical test 
is performed with rank-sum test. The significance level for statistical analysis, α, is 0.01 
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TABLE 3.7 Comparison of simulated yields among different models 
Model Model characteristics Maximum yield 
ISAM ([This study) (1) Process-based biogeochemical model 
(2) Hourly time step over 1980-2010 period 
(3) 25 km×25km spatial resolution 
(4) Biophysical approach for carbon 
assimilation  
(5) Dynamic carbon allocation factors, 
which account for interaction with 
environmental factors  
(6) Climate forcing: NLDAS data 
Miscanthus: 25 t/ha in the USA 
Cave-in-Rock: 14 t/ha in the USA 
Alamo: 17 t/ha in the USA 
BIOCRO model  
(Miguez et al., 2012) 
(1) Process-based model 40.5 t/ha in the US 
Switchgrassa: 20 t/ha in the US (2) Hourly time step over 1979-2010 period 
(3) 32 km×32km spatial resolution 
(4) Biophysical approach for carbon 
assimilation  
(5) Dynamic carbon allocation factors 
which interact only with water availability 
(6) Climate forcing: Temperature, 
precipitation, relative humidity, and wind 
speed from NCEP dataset, radiation data 
from NLDAS dataset 
Agro-IBIS model  
(VanLoocke et al., 2012) 
(1) Process-based model Miscanthus: 36 t/ha in the 
Midwest US 
Cave-in-Rock16t/ha in the 
Midwest US. 
 
 
 
 
(2) Hourly time step over 1973-2002 years 
(3) 0.5°×0.5° spatial resolution 
(4) Biophysical approach for carbon 
assimilation  
(5) Fixed carbon allocation factors at each 
phenology stage 
(6) Climate forcing data: Combination of 
university of East Anglia Climate Research 
Unit climatological datasets and NCEP 
daily anomaly dataset 
TEM model 
(Zhuang et al., 2013) 
(1) Process-based biogeochemical model Miscanthus: 21.5 t/ha grown on 
cropland of the USA 
Cave-in-Rock switchgrass: 10.8 
t/ha grown on cropland of the 
USA 
(2) Monthly time step over 1990-1999 
period 
(3) 25 km×25km spatial resolution 
(4) Biophysical approach for carbon 
assimilation 
(5) Fixed carbon allocation factors 
(6) Climate forcing data: CRU dataset 
Empirical model  
(Jager et al., 2010) 
(1) Empirical model regressed with 
environmental variables 
(2) PRISM dataset 
Upland switchgrass: 28 t/ha in the 
USA 
Lowland switchgrass: 40t/ha in 
the USA 
EPIC model  
(Thomson et al., 2009) 
(1) Processed-based model Switchgrassa: 16t/ha in the USA 
(2) Daily time step over 30 years 
(3) Radiation use efficiency method 
(4) Dynamic carbon allocation factors, 
which account for interaction with 
environmental factors 
ALMANAC model 
(Behrman et al., 2013) 
(1) Process-based model with experimental 
simulation of LAI growth and biomass 
partitioning 
Switchgrassa: 24.9 t/ha in the 
USA. 
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Model Model characteristics Maximum yield 
 (2) Daily time step over 13 years 
(3) Radiation use efficiency 
(4) Calculate the competition for water and 
nutrients among plants, biomass production 
and biomass partitioning 
(5) Separate parameterization for upland 
and lowland switchgrasses 
(6) Application of 100 kg/ha nitrogen every 
year 
aThe study does not make distinction between various cultivars of switchgrass. The maximum yield here represents 
the maximum value among all switchgrass cultivars 	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FIGURE 3.1 The phenology scheme for bioenergy perennial grasses. The description of each 
variable is provided in the Table B1.  	   	  
99 	  	  
 
FIGURE. 3.2 Measured and model simulated carbon assimilation rates (A/An) (a-c), LAI (d-f) 
and biomass (Aboveground, root and rhizome) (h-j) for Miscanthus at Urbana, IL, Cave-in-Rock 
at Urbana, IL and Alamo at Temple, TX sites. Here A is the daily gross carbon assimilation rate 
at leaf level for Miscanthus and the hourly gross carbon assimilation rate at canopy level for 
Cave-in-Rock. An is the net carbon assimilation rate for Alamo at leaf level. The data for 
Miscanthus is for the time period 2007-2008, for Cave-in-Rock 2005-2006, and for Alamo 1995-
1997. The biomass data for Cave-in-Rock is only available as the multiyear mean values over the 
time period 2005-2006.  
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FIGURE 3.3 The spatial yield patterns (Miscanthus (a), Cave-in-Rock (b) and Alamo (c)), the 
temporal yield variance maps (Miscanthus (d), Cave-in-Rock (e) and Alamo (f)), and the spatial 
and temporal yield trend maps (Miscanthus (g), Cave-in-Rock (h) and Alamo (i)) for three 
energy crops. In the legend of figures g, h, and i the HS represents high and stable yield zone, 
HU high and unstable yield zone, LS low and stable yield zone and LU low and unstable yield 
zone. 
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FIGURE 3.4 The bar chart shows the distribution of total number of grid points falling into the 
each bin of variance interval and the curve shows the variation of the percentage of total number 
of grid points, with increasing values of the temporal yield variance for Miscanthus, Cave-in-
Rock, Alamo yields over the US domain. The green vertical line shows the threshold value for 
temporal variance for classifying stable/unstable yield zones. 
 
 
  
102 	  	  
 
CHAPTER 4 
 
THE INTERPLAY BETWEEN BIOENERGY GRASS PRODUCTION AND WATER 
QUANTITY AND QUALITY IN THE USA 
4.1. INTRODUCTION 
Mitigation of human-induced climate change is motivating interests in the expansion of 
bioenergy, including the production of ethanol for transportation fuels in the US. Corn has been 
the dominant feedstock, which raises issues regarding land use (Cai et al., 2011), food-for-fuel 
(Service, 2007), life-cycle carbon (C) emissions (Davis et al., 2008), and other environmental 
effects such as nitrogen (N) runoff (Demissie et al., 2012).  The use of cellulose to produce 
ethanol has not achieved a significant scale to date. Yet the production of cellulosic feedstocks is 
often assumed to perform better than corn, for example, with higher yields on land not suitable 
for agriculture (Cai et al., 2011), and with lower N runoff -- although cellulosic feedstocks may 
consume more water than corn (McIsaac et al., 2010). These assumptions are explored for 
bioenergy grasses (Miscanthus, Cave-in-Rock and Alamo switchgrass) in this study using a 
detailed model.  
Currently, considerable research is underway on high-yielding biomass sources that could 
provide biomass for large-scale cellulosic biofuel production in the US. Perennial grasses, such 
as Miscanthus (Miscanthus ×  giganteus) and switchgrass (Panicum viragatum), have been 
identified as potential alternatives for corn in the US due to their low input demand and high 
biomass productivity (Lewandowski et al. 2003; Gunderson et al., 2008; Heaton et al., 2008). 
Meanwhile, previous studies suggest that biomass productivity of perennial grasses is controlled 
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by variability in the climate, water quantity and nutrient levels in the soils (Jager et al., 2009; 
Thomson et al., 2009; Miguez et al., 2011; Behrman et al., 2013; Zhuang et al., 2013; Song et al., 
2014). There is also a growing concern that expanding the spatial scale of biofuel feedstocks is 
likely to decrease water quantity through increased consumption of water due to the unique 
vegetation structure, morphology, and physiological properties of these grasses (Hickman et al., 
2010; Vanloocke et al., 2010; Le et al., 2011). Water quality is also affected by the changes in 
land use due to the production of biofuel feedstocks, which necessitates a change in agricultural 
inputs such as fertilizers, and may affect nutrient and sediment loads to water bodies (Schilling et 
al., 2008; McIsaac et al., 2010). To ensure that production of emerging perennial grasses is 
sustainable, the interplay among bioenergy grass production, water quantity, and water quality 
must be understood. 
Several previous studies have examined the implications of growing bioenergy crops on 
water quantity and water quality in the US. However, most of these studies focused on increased 
corn grain and stover production for ethanol (Dominguez-Faus, 2009; Chiu et al., 2012; 
Demissie et al., 2012; Wu et al., 2012). A few studies have assessed the impacts of alternative 
bioenergy grasses on water quantity and water quality. However, these studies have either 
focused on a particular site (Hickman et al., 2010; McIsaac et al., 2010; Le et al., 2011; Wagle et 
al., 2012; Hendrickson et al., 2013; Zeri et al., 2013), a watershed (Schilling et al., 2008; Ng et 
al., 2010), or a small region (Vanloocke et al., 2010; Davis et al., 2012). Nevertheless, these 
studies have drawn similar conclusions that, as compared to annual row crops (corn/soybean), 
perennial bioenergy grasses might have greater water use efficiency, decreased N leaching (NL) 
and therefore decreased riverine nitrate load, but increased water consumption. Converting large 
areas of corn to perennial bioenergy grasses could improve water quality but reduce surface 
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water availability. While qualitative conclusions are similar, the quantitative results vary widely 
among different studies across the US due to temporal and spatial differences in local 
environmental conditions, soil types, and agronomical properties of bioenergy grasses.  
The effect of bioenergy grasses on water quantity may influence the ethanol productivity 
of bioenergy grasses through effects on phenology, C allocation, and structural development of 
bioenergy grasses (Breshears et al., 1999; Asbjornsen et al., 2011). For example, if the growth of 
bioenergy grasses reduces available soil water and induces increased water stress, bioenergy 
grasses will attempt to mitigate water stress by allocating more C to the subsurface and growing 
roots toward deeper and moister soil layers (Barney et al., 2009). This feedback mitigates the 
limitation of the water available for gross primary productivity, but simultaneously root growth 
may come at the cost of shoot growth. Currently, the net result of the water-vegetation feedback 
on ethanol productivity is quite uncertain and poorly understood. Previous modeling studies have 
attempted to address this topic but uncertainty remains because the models have not included 
adaptability of the crops to environmental stresses, thus not fully accounting for the water-
vegetation feedback (Zhang et al., 2011). 
The objective of this study is to evaluate the complex interaction between the production 
of bioenergy grasses and water quantity and quality across the eastern and central US while 
accounting not only for the feedback effects of the spatial and temporal characteristics of 
environmental variables on water quantity and quality, but also progressive water-vegetation 
feedbacks.  We expect the outcome of this study to pave the way for scientifically sound national 
policy decisions on bioenergy development especially with regards to cellulosic grasses. To 
accomplish our objective, we apply an integrated model-data framework, ISAM (Jain et al., 
2009; Yang et al., 2009; Song et al., 2013; 2014) to simulate the dynamic growth patterns of 
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bioenergy grasses (e.g. C allocation, vegetation structure, and phenology etc.). This dynamic 
approach inherently accounts for the impact of temporal and spatial climate variability and water 
quantity and quality (Song et al., 2013; 2014). To study the interplay between ethanol 
productivity of bioenergy grasses and water quantity and quality, we apply ISAM to four spatial 
zones (Song et al., 2014; Chapter 3) characterized by their average yield amplitude and temporal 
yield variance (or stability) over 2001-2012. To the best of our knowledge, this is the first 
comprehensive study that applies a well calibrated and validated detailed process-based model to 
address the interaction between bioenergy production and water quantity and quality in different 
spatial yield zones across central and eastern US.  
Specifically, this study evaluates three factors important to producing bioenergy 
feedstocks in each yield zone: (1) the potential demand of land and water consumption on a per 
unit of ethanol production basis, (2) the progressive interaction between water quantity and 
biomass production over time, and (3) the spatial changes in soil water quantity and quality (i.e. 
NL) as a result of producing bioenergy grasses relative to the existing vegetation.  
4.2. MATERIALS AND METHODS 
4.2.1 Model description and extensions 
A land surface model, ISAM, is employed and improved upon in this study. ISAM is a 
coupled biogeochemical and biogeophysical model with 0.5o × 0.5o spatial resolution and 
multiple temporal resolutions ranging from half-hour to yearly time steps (Jain et al., 2009; 
Barman et al., 2014a, b; Song et al., 2013; 2014) and thus can calculate terrestrial C, N, and 
water and energy fluxes through the soil-vegetation-atmosphere system. ISAM accounts for 22 
natural plant function types (PFTs) and 5 specific food/bioenergy crops, including corn, soybean, 
Miscanthus, and two cultivars of switchgrass, Cave-in-Rock and Alamo (Song et al., 2013; 2014). 
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Each grid cell is occupied by a fractional combination of natural vegetation, food crops, and bare 
soil based on prescribed land cover data (Meiyappan et al., 2012). The change in existing land 
cover (i.e. replacement of the existing vegetation by prescribed bioenergy grasses) and its effects 
on water and energy balance and C and N cycles can been calculated through fully coupled 
biogeophysical and biogeochemical processes in the model. The details about its biogeophysical 
and biogeochemical components and the dynamic crop growth scheme for food and bioenergy 
crops can be found in Chapters 2 and 3. In this Chapter, I mainly introduce specific 
improvements related to hydrological cycle simulation, which are essential for study presented in 
this chapter. 
The hydrological pathways modeled include precipitation, dew formation, soil and 
canopy evaporation, canopy transpiration, surface and sub-surface runoffs, ground water 
discharge/recharge, and changes in water quantity (Oleson et al., 2004; 2008; Lawrence et al., 
2011). Canopy interception of precipitation and dew formation are calculated as functions of 
canopy density and thus determine partitioning of evaporation and transpiration from leaves. The 
soil water content is calculated based on Richard’s equation (Oleson et al., 2004) and is 
redistributed with dynamic root growth and distribution in soil layers (Song et al., 2014). The 
groundwater discharge/recharge process is implemented through a dynamic coupling between 
the bottom soil layers and an unconfined aquifer (Oleson et al., 2008). The version of ISAM used 
in Chapters 2 and 3 does not account for realistic distribution of bedrock depth and thus may 
overestimate soil water (SW) in deep soil zones (Figure 4.1, ISAM-Original case). This model 
deficiency is improved (Figure 4.1, ISAM-Extened-WBR case) by considering realistic 
distribution of bedrock depth based on the conterminous U.S multilayer soil characteristics 
dataset (CONUS-SOIL) (Miller and White, 1998). The previous version of ISAM calculated the 
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thermal and hydrological properties for each soil layer as a function of soil liquid and ice water 
contents, soil temperature, and soil texture and soil organic C and gravel content (Lawrence et al., 
2007). However, the growth of vegetation roots can increase macropores of soil, which can 
strengthen water infiltration within the soil column of fine texture soil. Absence of this 
phenomenon has been found to overestimate SW in silt clay loam at soil depths of 4-94 cm 
during the winter and spring time (Figure 4.1 ISAM-WBR-MP case). The effect of soil structure 
on hydraulic properties is accounted for in the extended version of the model for finely textured 
soils by parameterizing soil hydraulic properties for macrospores and microspores separately 
(Liu, 2003) (Eqs. C1-C4). The fraction of macrospores soil is defined as a function of root depth 
(Liu, 2003) (Eqs. C1-C2).  
4.2.2 Model calibration and validation  
ISAM’s performance for C, N, water, and energy fluxes between the atmosphere and the 
terrestrial ecosystem has been evaluated in previous studies (Barman et al., 2013a, b; EL-Masri 
et al., 2013; Song et al., 2013; 2014). Here the modeled evapotranspiration (ET), soil moisture 
and N leaching (NL) due to growing Miscanthus, Cave-in-Rock and Alamo are calibrated using 
the observed data. The daily-observed soil moisture data measured from 4 - 94 cm of the soil 
profile during 2005 and 2008, and observed annual NL fluxes during 2005 and 2008 are obtained 
from the Miscanthus plots and the Cave-in-Rock plots at a site in Urbana, IL (40.08°N, 88.23°W) 
(Mclsaac et al., 2010), hereafter referred to as the Urbana north site. The monthly-accumulated 
ET data for Miscanthus, and Cave-in-Rock during 2009 and 2011 are obtained from another site 
in Urbana, IL (40.06°N, 88.16°W) (Zeri et al., 2013), referred to as the Urbana south site. The 
daily-accumulated ET data for Alamo during the growing season of 2011 is attained from South 
Central Research Station in Chickasha, OK (35.04 °N, 97.95°W) (Wagle and Kakani, 2014). In 
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addition, since there is available daily-observed soil water data and annual NL fluxes data for a 
corn-soybena rotation plot in the Urbana north site (McIsaac et al., 2010) and available monthly-
accmulated ET data for the corn-soybena rotation plot in the Urbana south site (Zeri et al., 2013), 
we also utilize these data to evaluate the model’s ability to capture the change in water fluxes 
and NL when growing bioenergy grasses on croplands. The agreement between measured and 
modeled ET and soil water content at each site is quantified by the refined Willmott’s index (dr) 
with range from -1 to 1 (Willmott et al., 2012; Song et al., 2013). The closer the dr value is to 
one, the better the agreement between measured and modeled values.  
Our results indicate that ISAM is able to capture both seasonal and inter-annual 
variability in ET for Miscanthus and Cave-in-Rock and Alamo switchgrasses, and corn-soybean 
rotations (Figure 4.2). The dr value is 0.80 for Miscanthus ET, 0.82 for Cave-in-Rock 
switchgrass ET, 0.81 for corn-soybean rotations ET, and 0.66 for Alamo ET. At the Urbana 
south site, with the exception of the establishment year, the model calculates higher annual 
accumulated ET for Cave-in-Rock and Miscanthus than for a corn-soybean rotation, which are in 
agreement with observed results (Zeri et al., 2013). Specifically, the model estimates higher 
annual accumulated ET for Cave-in-Rock (633 mm) than that for Miscanthus (619 mm) during 
the dry year (e.g. year 2011), indicating that the model can capture Miscanthus’s stronger 
sensitivity to dry conditions compared to Cave-in-Rock. 
The dr values of around 0.77 for all bioenergy grasses indicate that the model is able to 
capture the seasonal and inter-annual variability in soil moisture at Miscanthus, Cave-in-Rock, 
and corn-soybean rotation plots at the Urbana north site, except for an overestimation of soil 
moisture for Cave-in-Rock and corn-soybean rotations during the end of August 2007 and 2008, 
and underestimated soil moisture for Miscanthus during the end of growing season in year 2006 
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(Figure 4.3).  This model bias is possibly due to uncertainty in quantifying photosynthetic active 
leaves (green leaves) and inactive leaves (brown leaves) and thus their different transpiration 
rates during the leaf senescence period. The model captures earlier drying of the soil with 
perennial grass cover than with corn-soybean rotation cover (Figure 4.3). Relative to soil with 
Cave-in-Rock and corn-soybean rotation cover, the drier soil with Miscanthus cover is modeled 
during the growing season, especially during moist years (e.g. year 2006 and 2008), which is in 
agreement with field observations (Figure 4.3). The model also captures higher soil moisture for 
Cave-in-Rock switchgrass than Miscanthus and corn-soybean rotations during the later portion 
of the growing season. However, the difference of soil moisture between Cave-in-Rock 
switchgrass and corn-soybean rotations during the end of the growing season is slightly 
underestimated (Figure 4.3). In terms of NL, modeled annual NL falls in the measured range of 
annual NL through 2005 to 2008 at the Urbana north site (Table 4.1). On average, modeled 
annual NL over the time period of 2005-2008 is around 0.40 gN m-2 yr-1 for Miscanthus and 
Cave-in-Rock but 4.6 gN m-2 yr-1 for corn-soybean rotation system. This result indicates that the 
model is able to capture lower NL for Miscanthus/Cave-in-Rock than row crops.  
There are other studies available for evaluating model performance on ET and NL for 
bioenergy grasses. For example, Hickman et al. (2010) estimated 955±16mm and 764±34 mm of 
ET for Miscanthus and Cave-in-Rock respectively during the 2007 growing season at the site in 
Urbana, IL. This observed ET is basically consistent with model estimated ET consumption 
during the same time period in this site. Smith et al. (2013) measured NL for Miscanthus and 
Cave-in-Rock at the other site in Urbana IL during the time period 2009-2011 and reported about 
0.08-2.2 gN m-2 yr-1 and 0.05-0.81gN m-2 yr-1 of NL for Miscanthus and Cave-in-Rock. When our 
model is driven by climate, soil, and management information from this site, the model estimates 
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0.01-1.8 gN m-2 yr-1 and 0.02-0.52 gN m-2 yr-1 of NL during the time period 2009-2011, which 
agreeas with measured NL at this site. 
4.2.3 Assessing the interplay between biomass production and water quantity and quality 
over spatial yield zones 
Our previous study (Song et al., 2014 and Chapter 3) used the ISAM model to estimate 
the spatial and temporal variations of yields for three bioenergy grasses over the period 2001–
2012 in the eastern and central US.  We further applied the model to divide the total growing 
area of each bioenergy energy grass into four spatial yield zones characterized by average yield 
amplitude and temporal yield variance over the period 2001-2012 (Figures C1 d-f): High-Stable 
(HS), High-Unstable (HU), Low-Stable (LS) and Low-Unstable (LU). Grid cells in the high 
yield zone for individual bioenergy grass are defined as those with the arithmetic mean (AM) 
yield, over the period 2001-2012, greater than the median value of the AM yield for all grid cells. 
Grid cells in the stable yield zone are defined as those with a standard deviation (SD) of yield, 
over the period 2001-2012, less than a grass specific threshold value of the median yield (Song et 
al., 2014). The HS yield zone has the most potential to grow bioenergy grasses, whereas HU, LU 
and LS yield zones are sensitive to environmental factors. The distribution of spatial yield zones 
depends on the spatial variability in thermal conditions, photoperiod, and soil water and nutrient 
availability. In this chapter, we evaluate the interaction between the production of bioenergy 
grasses and water quantity and quality in the four previously estimated spatial yield zones.  
4.2.4 Experimental design 
We performed four experiments (Table 4.2) over the time period of 2001-2012. For each 
experiment, each 0.5° x 0.5° grid cell in the US domain is 100% occupied with specific land 
cover types. Each experiment is driven by hourly climate data from the North American Land 
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Data Assimilation System (NLDAS) climate database (Mitchell et al., 2004). To drive the model, 
we consider the data for the following climate variables: mean surface air temperature, 
precipitation rate, incoming shortwave radiation, long-wave radiation, wind speed, and specific 
humidity. The soil texture data for each grid cell is specified based on the State Soil Geographic 
Database (Soil Survey Staff, http://websoilsurvey.nrcs.usda-gov/.). Before performing these 
experiments, first, the model is spun-up to achieve an initial steady state for soil moisture, 
temperature, C, and N content by prescribing soil/vegetation temperature of 274.15K, soil water 
at field capacity, and current land cover distribution and atmospheric CO2 concentration of 
369ppm, which represents approximately conditions for 2000 (Song et al., 2013; Barman et al., 
2014).  The biogeophysical component is spun-up for a total of 200 years to get the steady soil 
moisture and temperature conditions. The biogeochemical component is spun-up for 24800 years 
to get the steady soil C and N conditions. Then coupled biogeochemical and biogeophysical 
components are spun-up in a coupled mode for total 100 years. Since NLDAS-2 data is ranging 
from 1980 to 2012, here the model is spun-up by repeating 33 years (1980-2012) of available 
climate forcing data. Then bioenergy grasses are planted with commonly reported 
seedling/rhizome plant densities and N fertilizer applications (Table 4.2). In the base case 
experiment, which is used to evaluate the effect of bioenergy grass production on water quantity 
and quality, we assume N fertilizer is only provided for the grid cells with non-N fixing crops. 
4.2.5. Calculation of assessment metrics  
Ethanol productivity (EP) is calculated as a function of biomass yields (BY) and the 
biomass-to-biofuel conversion efficiency (C!!!) factor (Eq. 4.1), which is assumed to be 282 
liters of ethanol per ton of biomass for bioenergy grasses (Lynd et al., 2008; Fargione et al., 
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2010).  Demand of Land for bioenergy grass production (LDe), defined as the area to attain a unit 
liter of ethanol, is calculated as the reciprocal of EP (Eq. 4.2). 
𝐸𝑃 = 𝐵𝑌  ×  𝐶!!!          Eq. 4.1 
LDe=1/EP            Eq. 4.2 
ETe, defined as the annual total water consumption to attain a unit liter ethanol, is 
calculated as a function of amount of annual total ET and EP (Eq.4.3).  
𝐸𝑇! = !"!"            Eq. 4.3 
The water limited region area within each yield zone is identified based on mean water 
stress (MWS) over the growing season (Eq. 4.4). The water stress (WS) is calculated as a 
function of soil water potential at time step t (𝜃!), at the time of fully closed stomata (𝜃!) and 
fully open stomata (𝜃!) during growing season, and soil porosity (𝜑!) and fraction of soil 
porosity occupied by ice (𝑓!)) at each soil layer i (Eq. 4.4).  
𝑊𝑆 = 1− (!!"!!!!!!!!!!!"!!! )(!!!!!!! )                                                     Eq. 4.4 
Thus,  WS is expressed as an index ranging from 0 to 1, which depends on the combined 
effects of precipitation, topography, soil texture, and root depth and root distribution in soil 
layers. The closer WS is to 1, the stronger the WS is on the production of bioenergy grasses. 
MWS is first calculated for each year over the time period 2001-2012 and then averaged for the 
12 years values. We define water stressed regions with MWS greater than 0.1. The rest are 
considered a non-water stressed regions.  
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Annual change in water quantity (CWQ) is defined here as the sum of changes in water 
storage in soil layers (SW) and unconfined aquifers. The difference in CWQ, annual total ET, 
annual total runoff (R), and annual total NL between bioenergy grasses cases (Miscanthus, Cave-
in-Rock, and Alamo) and the base case is separately calculated at each grid cell based on the 
following equations (Eqs.4.5-4.8). 
ΔC𝑊𝑄 = 𝐶𝑊𝑄! − 𝐶𝑊𝑄!          Eq. 4.5 
Δ𝐸𝑇 = 𝐸𝑇! − 𝐸𝑇!         Eq. 4.6 
Δ𝑅 = 𝑅! − 𝑅!                    Eq. 4.7 
Δ𝑁𝐿 = 𝑁𝐿! − 𝑁𝑙!         Eq. 4.8 
Here the subscript b and v identify bioenergy grasses (Miscanthus, Cave-in-Rock 
switchgrass, Alamo switchgrass) and the existing combination of fractional vegetation, 
respectively. For each bioenergy grass, 𝐶𝑊𝑄!, 𝐸𝑇!, 𝑅! and 𝑁𝐿! are only calculated under water 
stress conditions since irrigation is usually not recommended for bioenergy grasses. Finally, the 
value of each metric discussed above at each grid cell is expressed as its multi-year mean value 
over the time period 2001-2012.  
4.3. RESULTS AND DISCUSSION 
4.3.1 Estimates of land and water consumption demand for growth of bioenergy grasses 
Our results suggest that both LDe and ETe for producing bioenergy grasses have 
significant differences across the four yield zones. Overall, LDe in HS and HU yield zones would 
be 2-3 m2 (Figure 4.4a) and ETe 2.0-2.9 m3 (Figure 4.4b). These LDe and ETe are far less in the 
HS and HU yield zones than in LU and LS yield zones (Figures 4.4a-b). 
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The LDe (Figure 4.4a) and ETe (Figure 4.4b) for Miscanthus in the HS yield zone is the 
lowest among the three bioenergy grasses. However, the total land to produce Miscanthus in the 
HS yield zone is only 0.7 million km2, which is far less than that for the two switchgrasses in 
their HS zones (1.5 million km2 for Alamo and 1.6 million km2 for Cave-in-Rock) (Figure 4.4c). 
In each yield zone, we further identify the water limited area based on MWS. Our results indicate 
that water limited areas for production of bioenergy grasses are mainly located in HU, LS, and 
LU zones (Figure 4.4c). For Miscanthus, the areas with strong water stress in HU, LS, and LU 
zones are about 0.2, 0.7, and 0.4 million km2 (Figure 4.4c), whereas the remaining area of land in 
these zones is limited by other environmental factors, such as N availability, high/low 
temperature etc. (Figure C1g). The water limited area is mainly located in the central and 
southern Great Plains in LS and LU zones, the South Atlantic region in HU and LU zones, and 
northern Iowa and Illinois in HU zone (Figure C1g). For Alamo, the dominant water limiting 
regions are the southern Great Plains in the LU zone, and Georgia, South Carolina and southern 
Florida in the HU zone (Figure C1i), which occupy areas of about 0.3 million km2 and 0.4 
million km2 (Figure 4.4c), respectively. The water limited areas for Cave-in-Rock are the Great 
Plains areas in HU, LU, and LS zones (Figure C1h), which occupy about 0.1 million km2, 0.2 
million km2 and 0.4 million km2, respectively (Figure 4.4c). On average, the water limited areas 
for switchgrasses usually have less than 0.45 m3/m2 of available SW, whereas Miscanthus can be 
limited by water up to 0.52 m3/m2 of available SW in HU yield zone (Figure 4.4d). These results 
suggest that the two switchgrasses have greater tolerance to dry conditions than Miscanthus. 
4.3.2 The progressive interaction between soil water and the biomass production 
The trend of biomass production of bioenergy grass over its lifetime (10-15 years) and 
trends in precipitation rates can progressively change the hydrological cycle and thus SW. The 
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change in SW balance in a grid cell depends on the tradeoff between precipitation (P) and ET, 
surface runoff (Rsurface), and groundwater recharge/discharge (GR). Note that positive GR refers 
to annual net groundwater recharge, whereas negative GR refers to annual net groundwater 
discharge. The ET for growing bioenergy grasses increases with their maturity over time, leading 
to an increased redirection of P from Rsurface plus groundwater recharge to ET. Also, root growth 
of bioenergy grasses over time may change soil structure properties and increase the infiltration 
of P towards deeper soil layers. Water extraction by deeper roots of bioenergy grasses possibly 
increases ground water discharge. These temporal changes in ET, Rsurface, and GR finally change 
SW and thus water stress conditions over time. In addition, the interannual changes in P rates 
also impact the rate of change for SW, ET and GR over time (Zeng, 1999). The change in SW 
may in turn impact EP over time. To evaluate this progressive interaction between SW and EP 
over time, we analyze trends of annual total P, annual total ET, annual total Rsurface, annual total 
GR, and annual mean SW and EP over the time period 2001-2012, as further discussed in the 
following section. It is note here that the effect of change in hydrological cycle on P has not been 
considered in this analysis, since this study has been carried out using a stand-alone LSM. The 
model analysis with coupled climate model and LSM is beyond this study. 
Our results indicate that while there is no significant change in P rates over the time 
period 2001-2012 for Miscanthus’ HS and HU zones (Figures 4.5a) and Cave-in-Rock’s HS zone 
(Figure 4.5g), ET increases at an annual average rate of 7-8mm yr-1, (Figures 4.5b, h) due to 
increased transpiration by a greater canopy cover over the same time period, leading to decreased 
GR to groundwater (Figures 4.5d, j). Finally, Miscanthus production in the HS and HU zones 
and Cave-in-Rock production in the HS zone over the time period 2001-2012 does not 
significantly affect SW (Figures 4.5e, k). However, Miscanthus production in LS zones (Figure 
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4.5e), Cave-in-Rock production in HU, LS, and LU zones (Figure 4.5k), and Alamo productions 
in HS, HU, and LU zones (Figure 4.5q) significantly decreases SW over the same time period. 
The decreasing trend for SW for Alamo in the HS zone results from both decreasing annual P 
rates (Figure 4.5m) and increasing annual ET rates (Figure 4.5n) due to SW extraction by deeper 
growing roots, which also tends to decrease GR to groundwater and Rsurface by 13mm yr-1 and 
1mmyr-1 respectively (Figures 4.5o, p). The LS and LU zone for Miscanthus, HU and LU zones 
for the two switchgrasses and LS zone for Cave-in-Rock are already water-limited regions. 
However, our results suggest that a decreased trend of P (Figures 4.5a, g, m) further decreases 
Rsurface (Figures 4.5c, i, o) and SW (Figures 4.5e, k, q) over the time period 2001-2012, which 
limits water available for crops and leads to a decrease in ET over time (Figures 4.5b, h, n). 
However, the decreasing trend for ET is still lower than the decreasing trend for P, leading to a 
decreasing trend for GR over the same period (Figures 4.5f, l, r). These results suggest that 
production of bioenergy grasses can greatly aggravate groundwater depletion in currently water-
limited areas. Though HS yield zones for Miscanthus and Cave-in-Rock are usually located in 
the same region (e.g. the Midwest region) (Figures C1d, e), our results show that the amount of 
GR over the time period 2001-2012 in HS zone for Miscanthus is lower than that for Cave-in-
Rock in HS zone (Figures 4.5d, j), suggesting that production of Miscanthus in its HS zone 
consumes more groundwater than production of Cave-in-Rock. 
The reduction in SW over time in turn may enhance water stress and constrain EP of 
energy grasses over time. However, our modeling results show that this effect, in some cases, is 
partially compensated by the roots that are able to grow deeper to extract water from moist soils 
under water stress conditions, until the bedrock depth is reached. For example, modeled EP for 
Alamo (Figure 4.5r) in HS zones is increased by about 1% yr-1with its maturity over the time 
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period 2001-2012, because they are able to extract water from deeper moist soil layers to 
mitigate reduced SW availability in shallow soil layers. However, for Miscanthus and Cave-in-
Rock in LU and LS zones, Cave-in-Rock in the HU yield zone, and Alamo in HU and LU zones, 
the shallow bedrock depths in addition to the reduced amount of SW, could not provide extra 
water to support root growth towards deeper soil layer, leading to progressively enhanced water 
stress conditions for the production of bioenergy grasses. Our results indicate that EP of the three 
bioenergy crops in LU zones, for Miscanthus in the LS zone and for Alamo in the HU zone can 
decrease by 2-3% per year (Figures 4.5f, l, r). 
Overall, our results suggest that growing bioenergy grasses in HU, LU, and LS zones 
would experience enhanced dry conditions and further limit EP over time. Although growing 
bioenergy grasses in HS yield zones could decrease total SW with time, it would not impact EP 
due to the fact that bioenergy crops could use water from deeper moist soil layers to mitigate 
water stress conditions under normal climate conditions. However, this condition may not hold 
under more frequent and intense drought events.  
4.3.3 Water implication of producing bioenergy grasses on natural vegetation land 
This section discusses the changes in water quantity and water quality in soil due to using 
existing vegetation land to produce bioenergy grasses. First, we compare annual total ET and R, 
and CWQ and water quality, which refers here to NL, between bioenergy grasses and the 
existing natural vegetation in each land grid (Section 4.2.5). For the water balance in each grid 
cell, CWQ is equal to the difference between P and the sum of ET and total runoff (R), including 
surface and sub-surface runoff. The difference in these water fluxes occurring between bioenergy 
grasses and existing natural vegetation are then averaged over all model grids over the US in 
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each yield zone to quantify the spatially averaged effects of bioenergy grasses on water quantity 
and quality. 
The net effect of replacing row crops and herbaceous plants with energy grasses on water 
quantity depends on the tradeoff relation between ET and R. For example, replacing shallow 
rooted food crops and herbaceous plants with bioenergy grasses (Figures C2c, d, e) leads to 
increased ET but decreased R. Our results suggest that producing Miscanthus on cropland can 
decrease CWQ by up to 40mm yr-1 (Figure 4.6a), particularly in southern Iowa, Missouri, 
Indiana, Illinois, and the Mississippi River watershed regions of eastern Arkansas, whereas 
production of switchgrass on crop lands leads to a decrease in CWQ by only 10mm yr-1 or less in 
most of this area (Figures 4.6b-c). This is because of the larger canopy, deeper roots, and longer 
growing season for bioenergy grasses compared to existing annual crops (Dohleman et al., 
2009), which increase ET (Figures 4.6d-f). Moreover, the deeper roots of bioenergy grasses 
compared to for row crops improve soil structure and strengthen precipitation infiltration into the 
soil, leading to reduced R (Figures C6g-i). Our study indicates that conversion to Miscanthus 
production in the central Midwest increases ET by 50-200mm yr-1 (Figure 4.6d) and decreases R 
by 50-200mm yr-1 (Figures 4.6g). These results are also consistent with a previous modeling 
study (Vanloocke et al., 2010), which also reports 50-150mm yr-1 of increase in ET and 50-
250mm yr-1 of decrease in R due to production of Miscanthus on cropland in the Midwest. On 
the other hand, our model results suggest that the production of Cave-in-Rock on cropland 
resultes in an increase of ET by 10-100mm yr-1 and decrease of R by 10-100 mm yr-1 for the time 
period 2001-2012 (Figures 4.6e and h). This result is consistent with previous studies (Schilling 
et al., 2008; Hikcman et al., 2010; Le et al., 2011), which also suggest that water consumption 
for Miscanthus is usually higher than for Cave-in-Rock, followed by corn.  
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Our modeling results also suggest a decrease in NL by 0.5-5 gN m-2 yr-1 due to 
production of bioenergy grasses in the study regions (Figures 4.6j-l). Our findings are consistent 
with previous modeling studies at watershed level (Schilling et al., 2008; Ng et al., 2010; Davis 
et al, 2012), which also report a decrease in NL due to production of bioenergy grasses on 
croplands/grasslands in the Midwest, ranging from 0.2-2.6 gN m-2 yr-1. The differences between 
our study and other modeling studies for estimated reduction in NL could be due to the fact that 
the experimental setup and assumptions (e.g. N fertilizer amount, area fraction of land use 
change etc.) made in other modeling studies are not consistent with those in our study.  
In general, producing all three bioenergy grasses on temperate evergreen forest  (e.g. 
forest in the southeast) (Figure C2a) increases CWQ (Figures 4.6a-c) since the smaller canopy of 
bioenergy grasses withdraws less water quantity through ET than forests (Figures 4.6d-f). At the 
same time, throughfall rates increase, leading to an increase in R. Water infiltration into soil 
decreases due to higher CWQ for bioenergy grasses than for forests, which further increases R 
(Figures 4,6g-i). Bioenergy grasses add less litter quantity and hence less litter N concentration 
than forests, leading to a decreased soil N mineralization rate (Epstein et al., 1998; Owen et al., 
2003). Finally, our results suggest that NL is decreased by 0.2-2 gN m-2 yr-1 in the southern US 
(Figures 4.6j-l).  
Unlike temperate evergreen forest, production of bioenergy grasses on land currently 
occupied by temperate deciduous forest (Figure C2b), in general, increases ET (Figures 4.6d-f) 
and decreases R (Figures 4.6g-i), especially for Miscanthus. Finally, there is a net reduction in 
CWQ and decrease in NL for Miscanthus in Kentucky, Tennessee, Ohio, West Virginia, Virginia, 
and North Carolina and for switchgrasses in Virginia and North Carolina (Figures 4.6 a-c, j-k). In 
contrast, in the northeast, there is a decrease in ET (Figure 4.6e) when Cave-in-Rock is produced 
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on land currently occupied by deciduous forests (Figure C2b), possibly leading to increased 
CWQ. However, the greater water quantity for Cave-in-Rock compared to deciduous forests 
could decrease water infiltration into the soils. Therefore, no significant changes are observed in 
CWQ (Figure 4.6b), but R (Figure 4.6h) increases and NL decreases (Figure 4.6k) due to 
decrease in litter N input.  
Overall, our study finds that the areas with higher bioenergy grass productivity are 
currently occupied primarily by crops and forests (Figure 4.7a). Production of Miscanthus in HS 
and HU zones and Cave-in-Rock in the HU zone decrease CWQ at an annual rate of around 
10mm yr-1 and 7mm yr-1 respectively (Figure 4.7b and Table 4.3), whereas production of Alamo 
influences CWQ at a local scale, but the local effects on CWQ can be nullified across a zone 
(Figure 4.7b). For example, production of Alamo on temperate evergreen forest in its HS and HU 
zones increases CWQ; however, this increase is offset by a decrease due to production of Alamo 
on cropland and temperate deciduous forests lands in the same zones (Figure 4.7a).  
In contrast, production of Miscanthus in LS and LU zones and Cave-in-Rock in the LS 
zone, which are occupied by large area of evergreen forest (Figure 4.7a), on average increase 
CWQ due to a decrease in ET, which is larger than the increase in R (Table 4.3). The maximum 
increase in CWQ is for Cave-in-Rock in the LS zone at 12mm yr-1 (Figure 4.7b and Table 4.3). 
Production of bioenergy grasses in their HS and HU zones decreases NL by around 1.4-2.8 gN 
m-2 yr-1, which is usually higher than the reduction in NL in LU and LS zones (Figure 4.7c).  
The results of this analysis of the interplay between production of bioenergy grasses and 
water quantity and quality suggest an optimal distribution of three bioenergy grasses in the US to 
attain the highest EP with limited impacts on water quantity and quality.  We find the largest 
mitigation of NL, and the smallest estimated values for LDe and ETe in HS regions in the 
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southern Midwest region for Miscanthus, northern and central Midwest for Cave-in-Rock and 
southern US for Alamo. Bioenergy grasses in these HS zones produce 0.48~0.65 L m-2 ethanol 
from Miscanthus, 0.20-0.42 L m-2 ethanol from Cave-in-Rock and 0.37~0.51 L m-2 ethanol from 
Alamo. At the same time, there is 0.91-1.24 m3 m-2 of water consumption for Miscanthus, 0.54-
1.13m3 m-2 for Cave-in-Rock and 0.93-1.28m3 m-2 for Alamo. Substitution of row crops and 
forests for bioenergy grasses in these regions can mitigate NL. However, it may raise other 
issues involving, e.g., food and wood production, C sequestration, land degradation etc., which 
needs to be studied in future research.  
Though bioenergy grasses are usually more adaptive to nutrient poor regions (e.g. eastern 
part of the Great Plains) (Cai et al., 2011) due to deep roots and low removal rates of nutrients, 
growing bioenergy grasses in the Great Plains region presents a problem, because production of 
bioenergy grasses in this region would aggravate existing drought condition in the region and in 
turn further limit production of bioenergy grasses over time. Our study suggests that production 
of energy grasses, particularly on herbaceous and row croplands, can mitigate NL. However, our 
study assumes no N fertilizer application to produce bioenergy grasses and thus possibly 
overestimates the potential for NL mitigation. Previous studies (Sanderson et al., 2000; Cadoux 
et al., 2012) have suggested that there is positive response of bioenergy grass production to some 
amount of N fertilizer application. Therefore, future analysis is needed to perform a detailed 
study on the impacts of N fertilizer applications on bioenergy grass yield and the rates of NL. 
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CHAPTER 4 TABLES AND FIGURES  
TABLE 4.1 Modeled and measured annual N leaching (NL) at the north Urbana, IL site (site 
area 0.2 ha) for the time period 2005-2008. 
Year Miscanthus Cave-in-Rock Corn-soybean 
 Measured 
[gN/m2/yr] 
Modeled 
[gN/m2/yr] 
Measured 
[gN/m2/yr] 
Modeled 
[gN/m2/yr] 
Measured 
[gN/m2/yr] 
Modeled 
[gN/m2/yr] 
2005 - - 0.04±0.035 0.1 4.4±1.54 4.4 
2006 0.79±0.22 0.58 0.46±0.16 0.6 3.66±0.71 2.5 
2007 0.39±0.14 0.35 0.78±0.39 0.5 4.82±1.33 6.6 
2008 0.33±0.11 0.27 0.51±0.17 0.45 4.58±0.94 5.0 
Average 
values 
0.48±0.13 0.40 0.54±0.13 0.41 4.28±0.55 4.6 
Observed	  NL	  data	  is	  from	  (Mclsaac	  et	  al.,	  2010)	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TABLE 4.2 Performed experiments and correspoinding management practices  
Experiment Land Cover Type Seedling/Rhizome Rate N Fertilizer 
(kg/ha) 
Irrigation 
Miscanthus Miscanthus 4850[number of 
rhizomes/acre] (Pyter et 
al., 2007) 
0 No 
Alamo Alamo switchgrass 8.5[kg/ha] (Rinehart, 
2006) 
0 No 
Cave-in-Rock Cave-in-Rock 
switchgrass 
8.5[kg/ha] (Rinehart, 
2006) 
0 No 
Base run Combination of 
fractional vegetation 
within each 0.5 deg 
grid (Meiyappan et al., 
2013) 
35000 for C4 crops and 
370000 for C3 cropsa 
[seeds/acre] 
168b No 
aSource: seedling rate for C4 crop is based on reported seedling rate for corn (http://www.uky.edu/Ag/-
GrainCrops/Research/cornseedingrate2008.htm), and for C3 crop is based on reported seedling rate for soybean 
(Suyker et al., 2004). 
bN fertilizer is only provided for crops without biological N fixation (Wagle et al., 2012). 
  
124 	  	  
TABLE 4.3 Water budget change with the production of bioenergy grasses compared to the 
existing vegetation in spatial yield zones of each bioenergy grasses. Here the net change in 
Evapotranspiration (ET) and runoff (R) should be balanced by the net change in water quantity 
(the sum of changes in soil water storage and changes in unconfined aquifer water) (CWQ). HS, 
HU, LS and LU are high and stable, high and unstable, low and stable, low and unstable yield 
zones for bioenergy grasses. All values in the table are averaged values over each yield zone for 
2001-2012. 
Bioenergy crop Yield zone ΔET (mm/yr) ΔR (mm/yr) ΔCWQ (mm/yr) 
Miscanthus HS 100.6 -90.4 -10.2 
HU 81.2 -71.4 -9.8 
LS -19.4 15.0 4.4 
LU -2.2 -0.3 2.5 
Alamo HS -11.0 13.0 -2.0 
HU -2.5 1.1 1.4 
LS -26.2 25.0 1.2 
LU 5.3 -2.5 -2.8 
Cave-in-Rock HS 2.8 1.0 -3.8 
HU 15.6 -8.5 -7.1 
LS -105.1 93.2 11.9 
LU -13.4 15.7 -2.3 
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FIGURE 4.1 Measured and modeled daily soil water content between 4 and 94 cm of the soil 
depth at the north Urbana, IL site (site area 0.2 ha) for the period 2006-2008.  The results shown 
here are based on the original version of ISAM (ISAM-Original), extended version of ISAM 
with geographically distributed bedrock depth (ISAM-Extended-WBR) and extended version of 
ISAM with both geographically distributed bedrock depth and parameterization of soil hydraulic 
properties for macropores and micropores in finely textured soil (ISAM-WBR-MP). The 
measured bedrock depth at this site is 1.5 m and the soil texture is silt clay loam. The source of 
measured data is from Mclsaac et al. (2010). 
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FIGURE 4.2 Measured and modeled evapotranspiration rate (ET) for (a) Miscanthus, (b) Cave-
in-Rock switchgrass and (c) corn-soybean rotation at the south Urbana, IL site and (d) Alamo 
switchgrass at Chickasha, OK site.  Here ET data for the south Urbana, IL site is monthly-
accumulated values for the time period of 2009-2011(Zeri et al., 2013), whereas ET data for 
Chickasha, OK site is daily-accumulated values during the Alamo growing season of 
2011(Wagle and Kakani, 2012). Corn was grown in 2009 and 2011 year, and soybean in 2010 
year for the corn-soybean rotation at Urbana, IL site. 
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FIGURE 4.3 Measured (dot) and modeled (solid line) daily soil water content for the 
Miscanthus, the Cave-in-Rock and the corn-soybean rotation plots for the north Urbana, IL site 
(site area 0.2 ha). The soil water content is measured between 4 and 94 cm depth during the 
period 2005-2008. At the corn-soybean rotation plots, soybeans are grown in 2004, followed by 
corn in 2005, soybean in 2006, and corn in 2007 and 2008(Mclsaac et al., 2010). 
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FIGURE 4.4 (a) Land demand for producing per unit of ethanol production (LDe); (b) water 
consumption (ETe) due to production of per unit of ethanol (ETe), (c) area for water stressed 
(portion of bar filled with no color) and water unstressed regions (portion of bar filled with 
color); and (d) annual mean soil water (SW) for water stressed (portion of bar filled with no 
color) and water unstressed region (portion of bar filled with color) for bioenergy grasses 
(Miscanthus, Cave-in-Rock and Alamo) in four yield zones: HS: High-Stable, HU: High-
Unstable, LS: Low-Stable, and LU: Low-Unstable. Error bar shows standard deviation (SD) of 
values of all cell grids within each yield zone. 
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FIGURE 4.5 Time series and trends of annual accumulated precipitation (P) from NLDAS and 
evapotranspiration (ET), surface runoff (𝑅!"#$%&'), groundwater recharge/discharge (GR), soil 
water storage (SW), and ethanol productivity (EP) calculated based on model for three bioenergy 
grasses (Miscanthus, Cave-in-Rock and Alamo) in four spatial yield zones: HS: high-Stable, HU: 
high-Unstable, LS: low-Stable, LU: low-Unstable. Values here are averaged values of each 
variable over each yield zone. Positive GR refers to annual net groundwater recharge, whereas 
negative GR refers to annual net groundwater discharge. 
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FIGURE 4.6 Change in total water storage change (ΔCWQ) (a, b, c), evapotranspiration (ΔET) 
(d, e, f), runoff (ΔR) (g, h, i) and N leaching (NL) (ΔNL) (j, k, l) due to production of 
Miscanthus (a, d, g, j), Cave-in-Rock (b, e, h, k) and Alamo (c, f, i, l) on existing natural 
vegetation land cover. The gray color identifies the region where bioenergy grasses are not able 
to survive and are excluded in the analysis.  
131 	  	  
	  
 
FIGURE 4.7 (a) Percentage area of each vegetation type (Aveg) relative to the total growing area 
of each bioenergy grass in spatial yield zones and  (b) change in annual water quantity change in 
soil layers and unconfined aquifer (ΔCWQ) and (c) change in annual N leaching (ΔNL) between 
energy grasses and existing vegetation cover in the spatial yield zones. Notes: M, A and C 
indicate that the values of stacked bar is for Miscanthus, Alamo and Cave-in-Rock respectively.  
Error bar shows standard deviation (SD) of values of all cell grids within each yield zone. 
  
ΔC
W
Q
 (m
m
/y
r)
 
ΔN
L 
(g
 N
/m
2 /y
r)
 
A
ve
g (
%
) 
132 	  	  
 
CHAPTER 5 
 
 
ESTIMATES OF NET ECOSYSTEM CARBON EXCHANGE AND N2O EMISSION 
WITH GROWTH OF BIOENERGY GRASSES IN THE USA 
 
5.1 INTRODUCTION 
Replacing gasoline with biofuel is expected to mitigate greenhouse gas emission (GHGs) 
through photosynthetic carbon assimilation from the atmosphere by bioenergy crops (Farrel et 
al., 2006; Searchinger et al., 2008). However, the extent to which this carbon saving can be 
realized depends on the type of bioenergy crops, the location, the management practices (e.g. N 
fertilization, irrigation etc.) for cultivating bioenergy crops, and possible land use conversion 
(Dwivedi et al., 2015; Elshout et al., 2015).  
Current biofuels are mainly produced from corn grain in the USA. However, using corn 
grain as biofuel feedstocks may raise food security issue (Service, 2007) and require a large 
amount of N fertilizer input, which may induce a series of environmental issues, such as N 
leaching (Demissie et al., 2012), N2O emission, etc (Davis et al., 2012). There is also increased 
interest in the USA in producing biofuel from cellulosic feedstocks, such as corn stover, 
Miscanthus, and switchgrasses (Lewandowski et al, 2003; Gunderson et al., 2008; Heaton et al., 
2008). Replacing gasoline with corn stover-based biofuel has been found to increase CO2 
emission due to reduction in soil organic carbon (Liska et al., 2014). In contrast, Miscanthus and 
switchgrasses have been identified as potential alternatives for corn in the US due to their low 
input demand and high biomass productivity (Heaton et al., 2008). The Renewable Fuel Standard 
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(RFS), established by the Energy Independence and Security Act, 2007 mandates that producing 
16 billion gallons per year by 2022 from cellulosic biofuels (Schnepf and Yacobucci, 2013).  
The realization of this target possibly induces a series of land use changes (LUCs), such 
as replacing the existing vegetation types (crops and forest/grassland) with bioenergy grasses 
(Elshout et al., 2015), which may impact carbon and nitrogen dynamics and affect NEE and N2O 
emission. 
To date, a number of modeling studies have investigated the potential of growing 
bioenergy grasses (e.g Miscanthus and switchgrasses) across the US scale (Thomson et al., 2009; 
Jager et al., 2010; Miguez et al., 2012; Zhuang et al., 2013; Song et al., 2014). However, how the 
expansion of these bioenergy grasses will affect NEE and N2O emissions in the USA has not 
been studied yet and will be addressed in this chapter. 
Site level measurement studies (Skinner and Adler, 2010; Anderson-Teixeira et al., 2013; 
Zenone et al., 2013) have found that the growth of Miscanthus on cropland and growing 
switchgrass on pasture land act as a carbon sink for atmospheric CO2, whereas growing 
switchgrass on the cropland and conversion of grassland to switchgrass can either act as a carbon 
source or a sink (Anderson-Teixeira et al., 2013; Zenone et al., 2013). However, extrapolating 
these findings to a regional scale is unrealistic since NEE spatially varies with soil and climate 
conditions, agricultural management practices, etc. In addition, the site level studies are based on 
young bioenergy grasses (plant age of 2-4 years). While a few modeling studies (Davis et al., 
2012; Qin et al., 2011; 2013) have explored the GHG emission implications of growing 
Miscanthus and switchgrass on the US Midwest cropland, the large-scale assessment of NEE 
with conversion of grassland or forest to bioenergy grasses is still lacking. A few studies 
(Fargione et al., 2008; Searchinger et al., 2008; Elshout et la, 2015) have attempted to estimate 
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the direct carbon emission due to converting existing vegetation to those food crops which are 
currently utilized for the production of ethanol fuel (e.g. corn, soybean, palm etc.), and found 
that direct carbon emission makes these cropping systems act as a carbon source over longer 
period of time. However, the effect of direct carbon emission with land cover conversion for 
bioenergy grasses production has not been well addressed.  
In addition, previous site level measurement and model studies (Adler et al., 2007; 
Robertson et al., 2001; Davis et al., 2010; 2012; Ahlschwede, 2013; Qin et al. 2013; Smith et al., 
2013) have reported a decrease in N2O emission over time due to growing bioenergy grasses on 
cropland, mainly due to a reduced application of N fertilizer. However, some recent studies 
(Muir et al., 2001; McLaughlin and Kszos, 2005; Thomason et al., 2005; Lemus et al., 2008a; 
Haque et al., 2009; Arundale et al., 2013) also suggest that in order to maintain sustainable 
biomass productivity for Miscanthus and switchgrsses, the application of N fertilizer is 
necessary.  
The objectives of this study are two fold: (1) how does converting existing vegetation to 
Miscanthus/switchgrass impact NEE and N2O emissions in the USA and (2) what are the 
implications of growing these bioenergy grasses with and without application of N fertilizer and 
LCLUC for NEE and N2O emissions in the USA? 
 To accomplish these objectives, we apply ISAM to simulate dynamic growth of 
bioenergy grasses and their interactions with soil carbon and nitrogen dynamics in the USA. 
Here we estimate NEE and N2O emissions for the cases where forest, cropland, and grassland in 
the USA are converted to Miscanthus and switchgrasses. The calculations are carried out over 
the time period 2000-2012. The 13-year time horizon corresponds also to the length of the 
rotation of both grasses (i.e. establishment phase of two years and a period of 12 years before 
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replanting becomes necessary). To our knowledge, this is the first study that estimates NEE and 
N2O emissions due to converting existing vegetation to different bioenergy grasses in the USA. 
5.2 METHODS 
5.2.1 ISAM description and extensions  
The general description of ISAM has been presented in Chapters 2-3. Here I provide a 
detailed description of the treatment of C and N dynamics, which is relevant for this chapter’s 
analysis.  
The ISAM estimated C, N, water, and energy fluxes between the atmosphere and existing 
vegetation (i.e. natural vegetation) have been evaluated at the global scale (Yang et al., 2009; 
Barman et al., 2014a, b; El-Masri et al., 2013, 2015; Song et al., 2013). The model performance 
for spatial and temporal variation of Miscanthus and two cultivars of switchgarsses and their 
impact on water and energy balance is also well evaluated in the USA (Song et al., 2014) and has 
been discussed in Chapters 3-4. However, previous versions of the model (Song et al., 2014, as 
introduced in Chapter 3) assume a spatially uniform N translocation rate and temporally uniform 
N demand per unit of C assimilation during the growing season for the three bioenergy grasses, 
and zero biological N fixation by Miscanthus. Strullu et al. (2011) have found that there is a 
stronger N translocation rate from rhizomes to growing shoots during spring and summer time 
when more rhizome N is available, and from shoots to rhizomes as shoots senesce during later 
summer and fall when more aboveground N stock is available. Therefore, in the N limited 
region, low N uptake may limit N stock in rhizomes and shoots of bioenergy grasses, which 
limits N translocation of bioenergy grasses from rhizomes to shoot and vice versa. The 
assumption of a spatially uniform N translocation rates in the previous versions of ISAM has 
been found to overestimate the N translocation rates for Alamo in the southeastern US, which is 
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a N limited region (not shown). Based on the literature review, Cadoux et al. (2012) have found 
N content in the aboveground biomass for Miscanthus decreases from the beginning of the 
growing season to autumn. This is because decreased C assimilation rate decreases N demand 
and hence N uptake. Without considering this effect, ISAM overestimates N removal with 
biomass harvest, leading to overestimation of N limitation on C assimilation in the following 
year, particularly in N limited regions. Isotopic analysis and biogeochemical model studies have 
indicated that biological N fixation (BNF) contributes to Miscanthus N acquisition (Davis et al., 
2009; Keymer and Kent, 2014). Without considering this effect, ISAM overestimates N 
limitation even for the N fertilizer application case (Figure D1). Therefore, to better capture 
coupled C and N dynamics of bioenergy grasses and their effects on NEE and N2O emission, I 
have reparametrized the following processes in ISAM: (1) The BNF process for Miscanthus, (2) 
N demand for the three bioenergy grasses, and (3) N translocation for the three bioenergy 
grasses.  
5.2.1.1 BNF by Miscanthus 
The BNF by Miscanthus is activated when translocated N is not enough to satisfy plant N 
demand. The BNF is calculated as a function of soil water and nitrate contents, and the heat unit 
index (𝐻𝑈𝐼)  (Eqs. D1-D4) (Neitsch et al., 2011). Moreover, the limitation of highly acidic soil 
(pH<4.0) on N fixation (Li et al., 2011) is considered by introducing a soil pH limitation factor 
on BNF (Eq. D5). For this analysis, the soil pH data is taken from Miller et al. (1998).  
5.2.1.2 Improved N demand calculation 
ISAM calculates plant N demand as a function of incremented carbon in leaf, stem, and 
root/rhizome and potential C/N ratio of each plant tissue (Eq. D6). To simulate decreased N 
concentration of aboveground biomass during the growing season, here we assume potential C/N 
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ratios for leaf and stem increase linearly when grasses grow from the vegetative stage to the 
productive stage (Eq. D7). The change rate of potential C/N ratio during the growing season is a 
function of maximum and minimum C/N ratio ( 𝐶𝑁 !"#! and 𝐶𝑁 !"#!) and heat unit index 
(𝐻𝑈𝐼) for specific bioenergy grass (Eq.D8). For roots and rhizomes, we use actual C/N ratio to 
calculate their N demand. However, actual C/N ratio for root and rhizome should be in the range 
of maximum and minimum C/N ratios for root and rhizome (Eq.D7). Here 𝐶𝑁 !"#! and 𝐶𝑁 !"#!  for each plant tissue are obtained based on analyzing reported maximum and minimum 
C/N ratio for each plant tissue in published studies (Schwarz et al., 1994; Beale & Long, 1997; 
Himken et al., 1997; Vogel et al., 2002; Adler et al., 2006; Fike et al., 2006a, b; Mulkey et al., 
2006; Lemus et al., 2008a, b; Heaton et al., 2009; Yang et al., 2009;Guretzky et al., 2011; Strulla 
et al., 2011; Kering et al., 2012; Cadoux et al., 2012). 
5.2.1.3 Improved N translocation calculation 
To capture spatial variability in N translocation, spring N translocation is calculated as 
increasing linearly with increase in rhizome N stock in the spring (𝑁!!!"#$%&), whereas later 
summer and autumn N translocation is calculated as increasing linearly with maximum 
aboveground N stock in the later summer (𝑁!"#!$) (Eqs. D9-D10). Here the slopes (𝑎!" ,𝑎!") of 
the linear relationship between spring/autumn N translocation and spring N stock in rhizomes 
/later summer N stock in leaves and stem indicate the fraction of N translocation for per unit of 
rhizomes/aboveground N stock, whereas the intercepts (𝑏!" , 𝑏!") indicate the minimum N stock 
in rhizomes in the spring or in leaves and stem in the later summer that is needed to translocate N 
between rhizome and shoots. The values for 𝑎!" ,𝑎!" , 𝑏!" and 𝑏!" for Miscanthus are attained 
from Strullu et al. (2011) (Tables D1-D2), whereas 𝑎!" ,𝑎!" , 𝑏!" and 𝑏!" for Cave-in-
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Rock/Alamo are calibrated based on observed response of switchgrasses yields to N fertilizer, as 
introduced in the next section. 
5.2.2 Model calibration and evaluation 
5.2.2.1 Calibration and evaluation of coupled C and N dynamics of bioenergy grasses 
We use the observational data for yield response to the different levels of N fertilizer 
application from 15 sites for Miscanthus, 15 sites for Cave-in-Rock, and 8 sites for Alamo (Table 
D4) to calibrate and evaluate ISAM’s ability to capture N dynamics for bioenergy grasses. 
Among these sites, four sites for Miscanthus, four sites for Cave-in-Rock, and three sites for 
Alamo (Figure 5.1), which represent diverse climate and soil conditions, are chosen to calibrate 
BNF by Miscanthus and N translocation for Cave-in-Rock and Alamo, whereas the data from the 
remaining sites is used to evaluate ISAM’s simulated response of biomass yield to N fertilizer 
application. The details about each site (e.g. N fertilizer level, plant age, etc.) are listed in Table 
D4. Calibrations of N fixation by Miscanthus and N translocation for two switchgrasses are 
performed by comparing modeled and observed N deficit and its impact on biomass yield for all 
N fertilizer levels. We assume that the model bias for Miscanthus is mainly due to uncertainty in 
BNF, whereas for Cave-in-Rock and Alamo are due to uncertainty in N translocation. Thus, the 
parameters controlling BNF limitation for Miscanthus (Eq.D7) and parameters controlling N 
translocation process for Cave-in-Rock and Alamo (Eqs.D9-10) are optimized by using the Least 
Square method for modeled and observed site level biomass yields under different N fertilizer-
levels.  
For each calibrated and evaluated site, first, the model is run with prescribed land cover 
distribution and atmospheric CO2 concentrations for approximately 30,000 years to attain an 
initial steady state for soil water, soil temperature, and soil C and N. Then the model is run with 
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the bioenergy grass case with site-specific management practices (e.g. N fertilizer level, planting 
and harvest times etc.) and soil texture data. If site-specific soil texture data is not available, we 
use the soil texture data from State Soil Geographic Database (STATSGO2) (Soil Survey Staff, 
2013). The model is driven by hourly climate data, including mean surface air temperature, 
precipitation rate, the incoming shortwave radiation, long-wave radiation, wind speed, and 
specific humidity, which are taken from the North American Land Data Assimilation System 
(NLDAS-2) climate database (Mitchell et al., 2004). To evaluate the response of yields of 
bioenergy grasses to N fertilization, we regress yields of bioenergy grasses on the corresponding 
N fertilizer levels for each site. The slope of this regression, which is expressed as the change in 
yields for per unit change in N fertilizer amount (δ Yield (ton DM/ha)/ δ N fertilizer (kg N/ha) in 
Figure 5.1), indicates the sensitivity of biomass grasses yields to N fertilization. The standard 
deviation (SD) of this slope (shown as the bar in Figure 5.1) indicates the temporal variability of 
the response of yields to N fertilization at each site. 
Both calibrated and validated results show agreement in the slope of regressing yield on 
fertilization for three bioenergy grasses between measured and modeled results for most of the 
sites (Figure 5.1), indicating that the model estimated yield is able to capture N fertilization 
application response, except for at some specific sites. For Miscanthus, the model overestimates 
yield response to N fertilizer by almost a factor of 4 at the Adephia, NJ site (Figure 5.1a). This is 
possibly due to underestimation of BNF at this site, where soil pH is 5.1. This suggests that the 
model possibly overestimates the limitation of acid soil on N fixation for Miscanthus at this site. 
The current method, which estimates the effect of acid soil on N fixation, especially for soil with 
pH between 5 and 7, needs to be further evaluated with available site level data in the future.  
Measured Miscanthus yields decrease with increased N fertilizer at the Mills River, NC site, 
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whereas the model indicates almost no response of yield to N fertilizer (Figure 5.1a). This model 
bias is due to the fact that Miscanthus yields are limited by low phosphorus (P) availability at 
this site and increase in N fertilizer strengthens P limitation on Miscanthus yields (Haines et al., 
2015). However, P limitation on Miscanthus yield has not been considered in the current version 
of the model. For Alamo, the model underestimates the response of yield to N fertilizer at 
Stephenville, TX site (Figure 5.1b). This is because the model estimates 10 mg kg-1 of nitrate in 
the soil, which is larger than the measured 1-5 mg kg-1 of nitrate in the soil at this site (Muir et 
al., 2001). For Cave-in-Rock, ISAM slightly overestimates the yield response to N fertilizer 
application at the Marshall, SD site (Figure 5.1c). This is because this specific site grows Cave-
in-Rock with yellow sweetclover together (Mulkey et al., 2006), whereas the model has not 
considered the competition between them and thus overestimates Cave-in-Rock yield, which 
strengthens soil N depletion and makes Cave-in-Rock more sensitive to N fertilizer.  
Similar to the model results for the measurement sites, ISAM results indicate large spatial 
variations in the bioenergy grasses yields responses to N fertilizer application (Figure 5.1), 
mainly due to spatially varying initial soil N amount, age of bioenergy grasses, and applied N 
fertilizer level (Haines et al., 2015). In addition, the model also captures the seasonal variability 
in N concentration of aboveground biomass for the three bioenergy grasses (Figure 5.2). In all, 
our results suggest that ISAM is able to capture N dynamics of bioenergy grasses (e.g. N 
remobilization, N fixation etc.) and thus the effect of N dynamics on C assimilation. 
5.2.2.2 Calibration of aboveground and belowground litter decomposition for bioenergy 
grasses  
Aboveground and belowground litter decompositions for bioenergy grasses are calibrated 
with measured litter decomposition data from a litterbag study for switchgrass from the Sevens 
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County, west-central Minnesota site (Johnson et al., 2007).  Available data from this site includes 
leaf, stem, and root litter concentrations of C, N, and lignin, C in decaying litter remaining over 
one year and soil nitrate concentration over 120 days. We simulate aboveground and 
belowground litter decompositions with a prescribed litter amount, soil temperature, and 
moisture as reported by Johnson et al. (2007). The calibration is performed by using the Least 
Squares method for modeled and observed C of decaying litter remaining and nitrate 
concentration in the soil. A list of calibrated process and corresponding optimized parameters 
can been found in Tables D1-D3.  
Our calibrated results (Figure 5.3) show that there is a good agreement between the 
calibrated and measured carbon mass remaining and soil nitrate concentration during 
decomposition. Moreover, the model is able to capture the differences in decomposition rate 
between leaf, stem, and root litters, suggesting that model is able to capture the effect of litter 
quality on soil decomposition and N mineralization/immobilization process. The model also 
captures lower decomposition rates for root litter than that for leaf/stem litter for bioenergy 
grasses (Figure 5.3). These rates have been identified as one of important reasons for high soil 
organic carbon sequestration by bioenergy grasses (Johnson et al., 2007). 
5.2.2.3 Evaluation of belowground carbon stock for bioenergy grasses and soil C and N 
fluxes under bioenergy grass cover 
The model’s ability to calculate belowground carbon stock for bioenergy grasses and soil 
C and N fluxes is evaluated by comparing modeled and measured root and/or rhizome carbon 
stocks, heterotrophic respiration (Rh), NEE, and N2O emission across different plant ages and 
sites for three bioenergy grasses (Tables D5-6). For belowground carbon stock validation, the 
database covers 1 site for Miscanthus, 12 sites for Alamo, and 5 sites for Cave-in-Rock, where 
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either coarse roots or total rhizomes and roots at different soil depth (30-330cm) are measured 
across multiple years (Table D5). For the validation of soil C and N fluxes, the database covers 5 
sites for Rh validation, and 3 sites for NEE and N2O validations. The details about each 
validation site are listed in Table D6. 
Following the same methods discussed in section 5.2.2.1, we run the model with site-
specific hourly climate, soil texture data, and management practices for each validated site. The 
agreement between measured and modeled belowground carbon stock is quantified by regressing 
modeled values on corresponding measured values for each bioenergy grass. The goodness-of-fit 
of this linear regression is quantified by calculating the coefficient of determination (R2) for Rh, 
NEE and N2O validation. The regression analysis is performed for all bioenergy grasses together 
due to the limitation of available data for each bioenergy grass. 
Our model results show that modeled belowground carbon stock basically agrees with 
measured values for each bioenergy grass with R2 of 1 for Miscanthus (number of available data, 
n=2), 0.62 for Alamo (n=18), and 0.77 for Cave-in-Rock (n=6) (Figure 5.4). These results 
suggest that the model is able to capture the temporal variability in belowground C stocks for 
bioenergy grasses and spatial variability in belowground C stock for the two switchgrasses. 
However, the ability of the model to capture spatial variability in belowground C stock for 
Miscanthus in the US needs to be further evaluated in the future when more measured data is 
available.   
Overall, the R2 of regression modeled Rh, NEE and N2O on the corresponding measured 
values for all validation sites are 0.79 for Rh, 0.85 for NEE and 0.41 for N2O (Figure 5.5). These 
results indicate that the model is basically able to capture spatial and multi-year variability in soil 
C and N fluxes for different bioenergy grasses. However, we find a large model bias in the year 
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of establishment when existing land cover is replaced by bioenergy grass. For example, the 
model overestimates both N2O and carbon emission for Miscanthus and Cave-in-Rock in the 
years of their establishments at the Urbana, IL site 1 (Figure 5.5b-c). This disagreement between 
modeled and measured values could be due to the fact that model possibly underestimates 
canopy cover of bioenergy grasses during the establishment period, leading to higher N2O and 
CO2 emission from the exposed soil. Thus, the model’s ability to capture soil carbon and nitrogen 
fluxes during the establishment period needs to be further evaluated when more observational 
data is available. Also, the effect of growing Alamo on the soil carbon and nitrogen fluxes needs 
to be further evaluated when observational data is available. 
After evaluating the model’s ability to capture the yield responses to applied N fertilizer, 
litter decomposition, belowground carbon stock in roots and rhizomes, and Rh and NEE and N2O 
emission, we recalculate the spatial yield zones for each of the bioenergy grasses based on the 
method introduced in Chapter 3. The comparison between the updated version of the spatial 
yield zone and spatial yield zone discussed in Chapter 3 will be introduced in section 5.3.  
5.2.3 Experiment setup 
To estimate NEE and N2O emission with the growth of bioenergy grasses in the USA, we 
simulate the growth of bioenergy grasses over the time period 2000-2012 using hourly climate 
data from the NLDAS-2 climate database ((0.5°×0.5°) (Mitchell et al., 2004) and soil texture 
data from STATSGO2 (Soil Survey Staff, 2013). The climate data consists of mean surface air 
temperature, precipitation rate, the incoming shortwave radiation, long-wave radiation, wind 
speed, and specific humidity.  
 First, we initialized the model with historical land cover and atmospheric CO2 
concentrations for the year 2000 for approximately 30,000 years until soil water, temperature, C,  
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and N reached the steady state (Song et al., 2014). Then we replaced the year 2000 land cover in 
each grid cell with 100% cover of Miscanthus, Cave-in-Rock and Alamo over the time period 
2000-2012. The bioenergy grasses were planted with commonly reported seedling and rhizome 
planting densities, which were 4850 rhizomes/acre (approximately 600kg/ha) for Miscanthus 
(Pyter et al., 2007) and 8.5 kg/ha of seeds for Alamo. No irrigation and tillage practice were 
applied. In order to evaluate the implication of N fertilization and LCLUC on C and N fluxes, we 
performed three specific experiments for each bioenergy grass: (1) experiment ISAMN_LCLUC 
with N fertilizer application and with LCLUC; (2) experiment ISAMLCLUC without N fertilizer 
application and with LCLUC; (3) experiment ISAMN with N fertilizer application and without 
LCLUC. For ISAMN_LCLUC and ISAMN, N fertilizer was applied on the day shoots emerged after 
the third year after planting (Cadoux et al., 2012). The rate of N fertilizer application was 
determined based on the recommended N fertilizer rate in previous studies. The recommended N 
fertilizer rates for switchgrass vary with location, ranging from 40 to 150 kg N/ha/yr (Muir et al., 
2001; Vogel et al., 2002; McLaughlin and Kszos, 2005; Thomason et al., 2005; Mulkey et al., 
2006; Lemus et al., 2008a; Haque et al., 2009; Guretzky et al., 2011). In the case of Miscanthus 
there was not much observational data available in the literature to determine the optimized N 
fertilizer application rates in the USA (Cadoux et al., 2012). Previous studies (Beale and Long, 
1997; Himken et al., 1997; Acaroglu et al., 2005; Lewandowski and Schmidt, 2006; Clifton-
Brown et al., 2007; Cosentino et al., 2007; Danalatos et al., 2007; Boehmel et al., 2008; Christian 
et al., 2008; Cadoux et al., 2012; Arundale et al., 2014) reported varying responses for 
Miscanthus yields to N fertilizer application, depending on the soil quality, plant age, N 
translocation, atmospheric N deposition and possible N fixation. Thus, considering the 
inconsistency of recommended N fertilizer rate in previous studies, here we followed Dwivedi et 
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al. (2015)’s method to estimate N fertilizer application rate based on soil quality data from the 
Harmonized World Soil Database (HWSD) (Fischer et al., 2008). HWSD soil quality data 
classified the soil in the USA from no or slight nutrients constraint to very severe nutrient 
constraint. Therefore, we assumed that the rate of N fertilization decreased from soil of very 
severe nutrient constraint to soil of no or slight nutrients constraint soil. The applied N fertilizer 
spatially varied from 20-60 kg N ha-1yr-1 for Miscanthus and 40-120 kg N ha-1 yr-1 for 
switchgrass (Figure D2). 
5.2.4 Calculation of NEE and N2O emission 
In this study, NEE is calculated based on Eq. 5.1. Here positive values for NEE indicate 
net carbon sequestration in the soil and belowground biomass and negative values indicate 
carbon emission to the atmosphere. 
NEE=NPP – Rh – Elcluc – Ebfs –  Esoil                                                      Eq.5.1. 
Here NPP, Net Primary Productivity, is calculated as the difference between photosynthetic 
carbon fixations minus autotrophic respiration.  The Rh is hetrotropic respiration due to 
decomposition of soil organic debris and litter input. The Elcluc, Ebfs and Esoil terms are related to 
LCLUC. Following LULUC, the vegetation biomass is released as carbon to the atmosphere in 
three ways in ISAM. (1) Loss of soil organic carbon (SOC) due to oxidation of organic matter 
when native soils are cleared due to LCLUC (Esoil). We assume 25% of SOC stored in the top 
meter of the soil is lost to the atmosphere upon LCLUC, with most loss occurring within the first 
year of clearing soils. The 25% loss is the average estimate across observational studies (Table 3 
of Houghton and Goodale, 2004). (2) Part of biomass due to LCLUC activities enters the wood 
and fuel product pools and decays at rates dependent on the product pool type following 
McGuire et al. (2001) (Elcluc – collectively represents 1 (agriculture and agriculture products), 10 
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(paper and paper products), and 100 years (lumber and long-lived products) pools). The fraction 
of vegetation biomass that goes into the three product pools depends on the LULUC activity and 
region following Houghton and Hackler (2001). The three decay pools represent the woody 
material removed from the site. (3) CO2 emission to the atmosphere due to harvesting 
aboveground bioenergy grass feedstock in every winter (Ebfs).  
Here N2O emission represents only the amount of N released to the atmospheric due to 
decomposition and denitrification/nitrification of soils. The effect of N fertilizer application on 
NEE is considered by simulating its impact on NPP and Rh.  
5.3 COMPARSION OF MODELED SPATIAL YIELD DISTRIBUTION AND SPATIAL 
YIELD ZONES BETWEEN WITH AND WITHOUT N DYNAMICS CASES  
Overall, implementation of BNF for Miscanthus and spatially varied N translocation and 
seasonal variability in N demand for bioenergy grasses does not significantly change the pattern 
of spatial yield distribution and spatial yield zones. Change is mainly observed in the bottom of 
the southern USA (Figure 5.6), where N is the main limitation factor. In the southern USA, 
temporally varied N demand simulation decreases N removal with harvest, leading a slight 
increase in yields and yield stability for Miscanthus and Cave-in-Rock (Figures 5.6d, e, j, k). In 
contrast, a reduced N translocation rate decreases Alamo yields in the bottom part of the southern 
USA (Figures 5.6f and l). Compared with the previous version of the model, the updated version 
of the model calculates less stable yields for bioenergy grasses in the southern Midwest (Figures 
5.6j, k, l) due to the fact that updated version of the model makes biomass yields more sensitive 
to N availability. This restul is in agreement with previous observations (Arundale et al., 2014) in 
this region, which shows significant response of Miscanthus and Cave-in-Rock yields to N 
fertilizer in the long-term. 
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5.4 ESTIMATES OF NEE AND N2O EMISSION WITH THE GROWTH OF 
BIOENERGY GRASSES IN THE USA 
5.4.1 The effect of N fertilizer and LCLUC on NEE 
Overall, model results for ISAMLCLUC indicate that bioenergy grasses in the USA are 
carbon sources over the time period 2000-2012, with NEE of -0.26±0.18 kg C m2 yr-1 for 
Miscanthus and -0.28±0.18 kg C m2 yr-1 for Alamo and Cave-in-Rock (Table 5.1 and figures 
5.7a-c).  However, N fertilizer application tends to mitigate this source amount by 3-7% due to 
increased net photosynthesis (Table 5.1). The N fertilization effect is more pronounced in the 
case of Alamo and Cave-in-Rock than for Miscanthus (Table 5.1 and Figures 5.7a-c). Though 
NPP increase also increases litter input to the soil and thus Rh (Table 5.1), NPP increase is higher 
than Rh increase, because of faster response rate for NPP than for Rh.  
Compared with the N fertilizer effect, the effect of LCLUC on NEE is more pronounced. 
Without accounting for LCLUC effects (ISAMN), bioenergy grasses act as a large carbon sink 
(NEE of 0.51±0.32 kg C m2 yr-1 for Miscanthus, 0.59±0.13 kg C m2 yr-1 for Alamo and 0.43±0.18 
kg C m2 yr-1 for Cave-in-Rock) (Table 5.1 and figures 5.7a-c).  
The effect of LCLUC on NEE across the USA depends heavily on the existing vegetation 
cover that is replaced to grow bioenergy crops.  Our model results show that without accounting 
for LCLUC-induced carbon emissions, bioenergy grasses sequester more carbon in soils and 
plant tissues if they are grown on forests and grasslands than on croplands (Figures 5.7a, 5.7b, 
5.7c, 5.8i, 5.8j, 5.8k, 5.9i, 5.9j, 5.9k, 5.10i, 5.11j, 5.12k). However, the reverse is true when 
LCLUC-induced carbon emissions are accounted for in the NEE calculation; forest regions and 
grasslands become a larger carbon source, whereas croplands become almost carbon neutral 
(Figures 5.7a-5.7b, 5.7c, 5.8a, 5.8b, 5.8c, 5.9a, 5.9b, 5.9c, 5.10a, 5.10b and 5.10c). This is 
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because clearing of forests and grasslands before the establishment of bioenergy grasses emits a 
large amount of carbon to the atmosphere through tillage of soil, burning and application of 
carbon stored in forests and grasslands, and decomposition of increased litter input from clearing 
of forests and grasslands. In contrast, cropland conversion to bioenergy crops does not require 
any disturbance of SOC, which results in increased SOC stocks.  
ISAM results indicate large spatial variability in estimated NEE across the USA when 
cropland is utilized for bioenergy crops (Figures 5.8b, 5.8f, 5.9b, 5.9f, 5.10b and 5.10f). These 
results suggest that when both N fertilizer and LCLUC are considered, the terrestrial biosphere is 
a net carbon sink for atmospheric CO2 in the lower Mississippi basin, and South Atlantic and 
Middle Atlantic due to growing Miscanthus and Alamo on croplands, and most of the southern 
Midwest due to growing Miscanthus on croplands. However, the terrestrial biosphere acts as a 
source for atmospheric CO2 in eastern part of the Great Plains and the region along the 
Appalachians due to utilizing croplands for bioenergy grasses (Figures 5. 8b, 5.8f, 5.9b, 5.9f and 
5.10b and 5.10f). This spatial difference in NEE with growth of bioenergy grasses on croplands 
is caused by the spatial variability in climate, soil texture, and topography. Ma et al. (2000c) find 
that the deep rooting system of bioenergy grasses helps sequester additional amounts of carbon 
in the root biomass. However, soil depth in the eastern part of the Great Plains and the region 
along the Appalachians is usually less than 125cm. This relatively shallow soil depth limits the 
growth of root systems of bioenergy grasses. Thus, this region acts as a carbon source (Figures 
5.8b, 5.8f, 5.9b, 5.9f, 5.10b and 5.10f). Conversions of forests and grasslands to bioenergy 
grasses consistently act as a source of carbon in the eastern USA when accounting for LCLUC 
emissions (Figures 5.8a, 5.8c, 5.8e, 5.8g, 5.9a, 5.9c, 5.9e, 5.9g, 5.10a, 5.10c, 5.10e and 5.10g). 
5.4.2 The effect of N fertilizer and LCLUC on N2O emission  
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While application of N fertilizer slightly mitigates carbon emission, its application could 
significantly increase N2O emission. Our model results show that growing bioenergy grasses in 
the eastern USA on average emits 0.29 ±0.22 g N m-2 yr-1 for Miscanthus, 0.22±0.20 kg C m2 yr-1 
for Alamo and 0.16±0.13 kg C m2 yr-1 for Cave-in-Rock without N fertilizer application (Figures 
5.7 d-f). Applying N fertilizer increases N2O emissions by 30% on average for Miscanthus, 
200% for Alamo, and 177% for Cave-in-Rock across the USA (Figure 5.7d-f). There is large 
spatial variability in N2O emission with the growth of bioenergy grasses in the eastern USA, 
which depends on existing vegetation, climate, and soil texture. The maximum N2O emission 
occurrs when growing bioenergy grasses on croplands with N fertilizer (Figures 5.7d-f, 5.11b, 
5.12b and 5.13b), where abundant soil mineral N leads to high N2O emission and application of 
extra N fertilizer further increases N2O emission. In contrast, the minimum N2O emission 
happens when forests are cleared to grow bioenergy grasses without applying N fertilizer 
(Figures 5.7d-f, 5.11e, 5.12e and 5.13e), where relative low soil N availability limits the N2O 
emission. On the other hand, conversion of forests to bioenergy grasses with N fertilizer 
application increases N2O emission. However, N2O emission remains lower than that when 
growing bioenergy grasses on cropland and grassland (Figures 5.7d-f, 5.11a-l, and 5.13a-l). 
Compared with the effect of N fertilizer on N2O emission, the effect of LCLUC on N2O 
emission is less important and depends on the existing vegetation cover that is replaced by 
bioenergy grasses. When LCLUC is considered, N2O emission in forest regions decreases by 
12% for Miscanthus, 9% for Alamo, and 30% for Cave-in-Rock (Figures 5.7d-f, 5.11a, 5.11i, 
5.12a, 5.12i, 5.13a and 5.13i). This is because LCLUC activities add woody litter to the soil, 
which has higher lignin concentration and lower N concentration, and limits litter decomposition 
process and release of mineral N into the soil, leading to decreased N2O emission. In contrast, 
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conversion of grassland to bioenergy grasses adds high litter with high N concentration into the 
soil, which is easily decomposed and releases mineral N to the soil, leading to 22% increased 
N2O emission for Miscanthus, 29% for Alamo, and 24% for Cave-in-Rock (Figures 5.7d-f, 
5.11c, 5.11k, 5.12c, 5.12k, 5.13c and 5.13k). LCLUC has no impact on N2O emission when 
utilizing croplands for bioenergy grasses due to no addition of litter amount from existing crops 
during this land use change. Overall, the effect of LCLUC on N2O emission in the eastern USA 
decreases N2O emission by 4% for Miscanthus, 6% for Alamo, and 4% for Cave-in-Rock.  
5.5. CONCLUSION AND UNCERTAINTY 
In summary, our results suggest that growing energy crops in the eastern USA with N 
fertilizer application and with LCLUC acts as a 0.25kg C m-2 yr-1 source.  Application of N 
fertilizer can mitigate carbon emission, but can significantly increase N2O emission. Though 
LCLUC has a smaller impact on N2O emission than the effect of N fertilizer, it significantly 
decreases the SOC stocks, and as a result of the terrestrial biosphere becomes a source of carbon 
across the USA. Conversion of forests and grasslands to bioenergy grasses acts as a carbon 
source in the eastern USA, whereas utilizing croplands for bioenergy grasses is close to carbon 
neutral (NEE of 0.01-0.02kg C m-2 yr-1) but has larger N2O emission than conversion of forests 
and grasslands to bioenergy grasses. Growing bioenergy grasses on croplands can act as a carbon 
sink in some regions, such as the southern Midwest, lower Mississippi basin, South Atlantic, and 
Middle Atlantic. 
Our results are in agreement with Qin et al., (2012)’s model study, which suggests 
growing Miscanthus and switchgrass on cropland in the USA averagely emits around 0.02kg C 
m-2 yr-1 due to large heterotrophic respiration of bioenergy grasses. Specifically, Qin et al. (2013) 
found that growing Miscanthus in the Corn Belt in the Midwest is a carbon sink under no 
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application of N fertilizer. Our results also shows that Miscanthus acts as a carbon sink in most 
part of southern Midwest, however, the estimated carbon sink with the growth of Miscanthus in 
our study is relatively lower than that modeled by Qin et al. (2013). The difference could be due 
to difference in climate condition over the modeled time period, which is from 1989 to 2008 in 
Qin’s study and from 2001-2012 in our study. Whether the bioenergy grasses-soil system acts as 
a carbon sink or a carbon source varies temporally and depends on climate variability. In fact, 
growing Miscanthus on croplands in the southern Midwest usually acts as a carbon source in the 
year of establishment due to the fact that Miscanthus does not yet develop deep enough root 
systems to support high carbon sequestration. Also the Miscanthus canopy is not big enough to 
cover the ground in the year of establishment, which leads to large soil respiration. Starting in 
2002, Miscanthus usually acts as a carbon sink in the southern Midwest. However, Miscanthus 
acts as a large carbon source in the year 2012 due to the fact that occurance of a heat wave limits 
the photosynthetic carbon sequestration by the bioenergy grasses.  It is noticed that our model 
seems to overestimate carbon and N2O emission when plant age is young as discussed in Chapter 
5.2.2. Therefore, the model possibly overestimates potential of bioenergy grasses-soil system to 
be a carbon source in the year of establishment. Future work needs to further evaluate the 
model’s performance calculating NEE and N2O especially during the year of establishment once 
more field observed NEE data is available. 
Our result is consistent with Qin et al. (2013)’s simulation, which also suggests that 
application of N fertilizer is to mitigate carbon mission but increase N2O emission with the 
growth of switchgrass on the Corn Belt. However, Qin et al (2013) simulate no response of 
Miscanthus NEE to N fertilizer in the same region, which is not consistent with our results. 
Arundale et al. (2014) observe that application of N fertilizer increases Miscanthus yield in 
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Illinois, suggesting that application of N fertilizer in the Midwest possibly increases 
photosynthetic carbon sequestration, which possibly supports our conclusion that increased 
carbon sequestration with application of N fertilizer slightly mitigate carbon emission with the 
growth of Miscanthus.  
Our result shows that though conversion from natural vegetation to bioenergy grasses can 
sequester carbon to its roots and soil system, clearing of natural vegetation turns the bioenergy 
grasses-soil system from a carbon sink to carbon source over 13 years in the USA. This result is 
agreement with Fargione et al. (2008), which reports 1.34kg C m-2 of carbon emission with 
conversion of central grassland to corn in the USA. However, LCLUC-related carbon emission 
still needs to be further evaluated after observed data is available. 
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CHAPTER 5 TABLES AND FIGURES 
 
TABLE 5.1 Carbon budget of the bioenergy grasses system in the eastern USA 
Bioenergy 
grasses 
N fertilizer Carbon Fluxes (kg C/m-2/yr) 
  NPP±SD Rh±SD Ea±SD NEE±SD 
Miscanthus No 0.89±0.44 0.48±0.15 0.67±0.31 -0.26±0.18 
 Yes 0.93±0.45 0.49±0.15 0.69±0.32 -0.25±0.18 
Alamo No 0.80±0.14 0.40±0.08 0.68±0.18 -0.28±0.18 
 Yes 0.94±0.17 0.42±0.08 0.78±0.19 -0.26±0.19 
Cave-in-Rock No 0.72±0.26 0.46±0.13 0.54±0.18 -0.28±0.18 
 Yes 0.87±0.30 0.49±0.14 0.64±0.18 -0.26±0.19 
aE refers to carbon emission due to LCLUC. 
SD refers to standard deviation of mean values for each variable, which indicates the spatial variability of each 
variable over the research domain. 
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FIGURE 5.2 Measured and modeled seasonal change in N content in aboveground biomass for 
(a) Miscanthus, (b) Alamo and (c) Cave-in-Rock. Measured data is statistically analyzed based 
on reported N content in aboveground biomass from previous studies (Adler et al., 2006; Beale 
and Long, 1997; Cadoux et al., 2012; Himken et al., 1997; Lemus et al., 2008a,b; Schwarz et al., 
1994; Strulla et al., 2011;Vogel et al., 2002; Mulkey et al., 2006; Heaton et al., 2009; Yang et al., 
2009; Kering et al., 2012; Guretzky et al., 2011; Fike et al., 2006a,b). Modeled data is 
statistically analyzed based on modeled N content in aboveground biomass at sites used for 
examining yield response to N fertilization (Table D4). For each box plot, center black line in the 
box indicates median values of N content in aboveground biomass in each month. The edge of 
box is the 25th and 75th percentiles of all data for the fraction of N content in aboveground 
biomass in each month. The whiskers extend to the most extreme N content in aboveground 
biomass in each month. The red sign “+” indicates the outlier N content in aboveground biomass 
in each month.  
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FIGURE. 5.3 (a) The comparison of measured and modeled mass of carbon (C) remaining and 
(b) the concentration of nitrate in soils after incubating swtichgrass litter in the soil at 25°C and 
60% water-filled pore space (WFPS). The concentration of nitrogen (N) and lignin is 
respectively 1.26% and 9.57% for leaf litter, 0.41% and 12.7% for stem litter and 0.71% and 
16.6% for root litter. The vertical bar refers to one standard deviation of the measured mean 
value.  
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FIGURE 5.4 Measured and modeled belowground carbon stock for (a) Miscanthus, (b) Alamo 
and (c) Cave-in-Rock for all available validation sites. The vertical bar refers the measured 
standard deviation (SD) of the mean values for each variable at each site. The measured data is 
attained from previous studies (Anderson-Teixerira et al., 2013; Bransby et al., 1998; Dohelm et 
al., 2012; Garten and Wullschleger, 1999; Ma et al., 2000b, c; Ma et al., 2001; McLaughlin and 
Kszos, 2005; Ontl et al., 2013). 
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FIGURE 5.5 Measured and modeled (a) heterotrophic respiration (Rh), (b) net ecosystem 
exchange (NEE) and (c) N2O emission for Miscanthus (red), Alamo (blue) and Cave-in-Rock 
(green) for all available validation sites. The vertical bar refers the measured standard deviation 
(SD) of the mean values. The measured data is attained from previous studies (Anderson-
Teixeira et al., 2013; Ahlschwede et al., 2013; Ma et al., 2000b; Skinner and Adler, 2010; Smith 
et al., 2013; Zenone et al., 2013). Here specific measurement for Rh can be found in Table D5. 
Both NEE without harvested carbon removal (shown as upward-pointing triangle, left-pointing 
triangle and square) and NEE with harvested carbon removal (shown as down-ward-poingting 
triangle, right-pointing triange and diamond) at Kellogg 1, Kellogg 2 and Ligonier, PA are 
included in the validation. Here positive value of NEE refers to carbon sequestration from 
atmosphere, whereas negative NEE refers to carbon emission to the atmosphere. The R2 of 
regression analysis is 0.79 for Rh (number of available data (n)=27), 0.85 for NEE (n=22) and 
0.41 for N2O (n=27) for all bioenergy grasses. 
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FIGURE 5.6 The spatial yield pattern (Miscanthus (a), Cave-in-Rock (b), and Alamo (c)) and 
the spatial yield zone (Miscanthus (d), Cave-in-Rock (e), and Alamo (f)) estimated in Chapter 3; 
The spatial yield pattern (Miscanthus (g), Cave-in-Rock (h), and Alamo (i)) and the spatial yield 
zone (Miscanthus (j), Cave-in-Rock (k), and Alamo (l)) estimated by improved model, which 
considers spatially varied N translocation rate, seasonal variability in N demand for per unit of C 
assimilation, and biological N fixation by Miscanthus.  
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FIGURE 5.7 Modeled mean net ecosystem carbon exchange (NEE) and N2O emission on forest 
region, cropland, grassland and all lands in the USA. Here LCLUC refers to land cover and land 
use change. The bars refer to standard deviation of mean values for NEE and N2O emission over 
exsitng land cover type, which identifiy the spatial variability of NEE and N2O over each land 
cover type that will be replaced by bioenergy grasses. 
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FIGURE 5.8 Modeled net ecosystem carbon exchange (NEE) when growing Miscanthus on 
forestland (a, e, i), cropland (b, f, j), grassland (c, g, k) and all land types (d, h, l) in the USA. 
Here the value in each grid cell is averaged over the time period 2000-2012. Here all land types 
case refers to use all lands, including forestland, cropland and grassland, for bioenergy grasses 
production. 
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FIGURE 5.9 Modeled net ecosystem carbon exchange (NEE) when growing Alamo on 
forestland (a, e, i), cropland (b, f, j), grassland (c, g, k) and all land types (d, h, l) in the USA. 
Here the value in each grid cell is averaged over the time period 2000-2012. Here all land types 
case refers to use all lands, including forestland, cropland and grassland, for bioenergy grasses 
production. 
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FIGURE 5.10 Modeled net ecosystem carbon exchange (NEE) when growing Cave-in-Rock on 
forestland (a, e, i), cropland (b, f, j), grassland (c, g, k) and all land types (d, h, l) in the USA. 
Here the value in each grid cell is averaged over the time period 2000-2012. Here all land types 
case refers to use all lands, including forestland, cropland and grassland, for bioenergy grasses 
production. 
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FIGURE 5.11 Modeled N2O emission when growing Miscanthus on forestland (a, e, i), cropland 
(b, f, j), grassland (c, g, k) and all land types (d, h, l) in the USA. Here the value in each grid cell 
is averaged over the time period 2000-2012. Here all land types case refers to use all lands, 
including forestland, cropland and grassland, for bioenergy grasses production. 
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FIGURE 5.12 Modeled N2O emission when growing Alamo on forestland (a, e, i), cropland (b, 
f, j), grassland (c, g, k) and all land types (d, h, l) in the USA. Here the value in each grid cell is 
averaged over the time period 2000-2012. Here all land types case refers to use all lands, 
including forestland, cropland and grassland, for bioenergy grasses production. 
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FIGURE 5.13 Modeled N2O emission when growing Cave-in-Rock forestland (a, e, i), cropland 
(b, f, j), grassland (c, g, k) and all land types (d, h, l) in the USA. Here the value in each grid cell 
is averaged over the time period 2000-2012. Here all land types case refers to use all lands, 
including forestland, cropland and grassland, for bioenergy grasses production. 
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CHAPTER 6 
 
SUMMARY AND FUTURE WORK 
6.1 SUMMARY 
This chapter aims to provide an overall summary of the research carried out in this 
dissertation. Overall, the improvments made in ISAM are summarized in figure 6.1, These 
include implemention of dynamic crop growth component; implementation of biological N 
fixation for Miscanthus, improved parameterizations for N demand and N translocation for 
bioenergy grasses, implementation of dynamical N allocation between leaf, stem and 
roots/rhizomes; improvement in the bedrock depth distribution and implementation of the effect 
of root growth on soil structure and thus soil hydraulic conductivity. The extended ISAM is used 
to calculate the distribution of spatial yield zones for three bioenergy grasses and the implication 
of growing bioenergy grasses on water quantity, N leaching, NEE and N2O emission in each 
yield zone. Main findings of this thesis are concluded in figure 6.2. In the following, I summarize 
main findings of each chapter separately. 
In chapter 2, I have implemented dynamic crop growth processes into ISAM.  These 
dynamic crop growth processes include specific phenology development for corn and soybeans, 
dynamic carbon allocation, vegetation structure and root distribution, as well as different 
removal rates for fresh and old standing brown leaves and the effects of leaf age on CO2 
compensation points for C3 crops. The C3 and C4 crop growth processes in the model are 
calibrated with half-hourly/hourly data for LAI, biomass, carbon, water, and energy fluxes 
measured for corn-soybean rotation systems at the Mead, Nebraska AmeriFlux site, and the 
model is evaluated for the same variables using the data from another AmeriFlux site in 
Bondville, Illinois.  
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The results of Chapter 2 show that the calibrated and evaluated ISAM is able to capture 
the diurnal and growing season patterns of carbon assimilation, and water and energy fluxes for 
corn (C4 crop) and soybean (C3 crop) at these two sites. Specifically, the calculated GPP, Rn, 
and LH fluxes compare well with observations, but the model is unable to capture the variation 
in SH flux for corn and soybean at both sites. The model’s dynamic carbon allocation 
parameterization, dynamic LAI and phenology development, dynamic canopy height, and 
dynamic root distribution capture the measured seasonal patterns of vegetation structures well, in 
particular changes in LAI and the vertical distribution of roots in soil. The improvement in 
vegetation structure simulation better captures the seasonal variability in carbon and energy 
fluxes at both sites, relative to the static simulation of vegetation structure. With dynamic carbon 
allocation and root distribution schemes, the improved crop water transpiration and soil water 
stress significantly improve modeled GPP and LH, especially during dry periods.  The percent 
differences between the estimated fluxes based on the ISAM-dynamic case and the ISAM-static 
case for LH are 12-27% and for GPP 13-62% at the Mead and Bondville sites. These results 
indicate the importance of considering dynamic allocation and root distribution processes in land 
surface models to accurately simulate the carbon, water, and energy fluxes, especially during dry 
periods. The incorporation of the effect of leaf age on the CO2 compensation point effectively 
reduces the modeled GPP and LH fluxes for soybeans during the initial vegetative and leaf 
senescence period.  
Overall, the implementation of dynamic crop growth processes into ISAM allows us to 
study feedbacks between carbon, water, and energy fluxes and environmental variables. The 
extended ISAM has been used to evaluate corn and soybean yields over 1980-2012 for 18 
counties in the Corn Belt of the USA. Our findings (Niyogi et al., 2015) suggest that the 
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extended ISAM with dynamic crop growth processes is able to capture spatial variability in corn 
and soybean yields and the impact of climate variability on corn and soybean yields in the 
Midwest, suggesting that ISAM can be applied on a larger scale, where carbon, water, and 
energy fluxes can vary with spatial variations in environmental variables. Furthermore, the 
implementation of dynamic crop growth processes is particularly important for understanding the 
interactions between the land surface processes and climate change. For example, with a 
dynamic carbon allocation and vegetation structure scheme, the extended ISAM can simulate the 
adaptation of vegetation to climate change. These adaptations include adjustments in behavior, 
morphology, and physiology (Hendry et al. 2008). Due to the lack of this scheme, current land 
surface models possibly overestimate climate effects on terrestrial ecosystems. In addition, with 
dynamic root distribution schemes, the model is able to simulate the root response to soil water 
availability in each soil layer and accounts for redistribution of soil water by root systems. The 
implementation of this scheme can improve the simulation of vegetation transpiration under dry 
conditions by extracting water from deeper and moister soil layers. Jasechko et al. (2013) has 
found that vegetation transpiration represents 80-90% of terrestrial water fluxes but is 
underestimated by the current land surface models. With dynamic treatment of carbon allocation 
and root distribution, it is expected that the extended ISAM can correct currently underestimated 
global vegetation transpiration and overestimated soil and canopy evaporation. 
In chapter 3, I follow the dynamic crop growth scheme introduced in Chapter 2, and 
further implement the dynamic growth simulation for bioenergy grasses (Miscanthus, Cave-in-
Rock and Alamo). In detail, I further implement bioenergy grasses specific phenology 
development scheme, carbon allocation between leaf, stem, roots and rhizomes and the response 
of LAI growth to photoperiod.  The results of model calibration and validation show that the 
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simulated carbon assimilation rates, LAI, and carbon allocation among aboveground and 
belowground biomass for the three bioenergy grasses are in good agreement with observed data 
from a Urbana, IL, site for Miscanthus and Cave-in-Rock, and a Temple, TX, site for Alamo. 
The modeled mean yield and its variation over measured years at 43 different evaluation sites are 
in good agreement with measured yields. These results indicate that ISAM is able to capture the 
spatial and temporal variations in biomass yields for bioenergy grasses in the USA. 
With this calibrated and validated model, I simulate mean bioenergy grass yields and 
their variances over the period 2001–2012 in the USA and identify four yield zones: a high and 
stable yield zone (HS), a high and unstable yield zone (HU), a low and stable yield zone (LS), 
and a low and unstable yield zone (LU). Regional precipitation, temperature, soil water 
availability, and day length control the spatial distribution of high and low yields zones in the 
USA, whereas relative temporal variability in precipitation, temperature, and radiation 
determines the temporal stability and instability in the USA. Our results indicate that the HS 
zone for the three bioenergy grasses is mainly located in the regions with precipitation greater 
than 600 mm and mean temperature 292–294 K during the growing season, and includes 
southern Missouri, northwestern Arkansas, southern Illinois, southern Indiana, southern Ohio, 
western Kentucky, and parts of northern Virginia. The highest yield for Miscanthus in these 
regions is 25 t ha-1, which is about 1.8 and 1.5 times higher than the highest yield for Cave-in-
Rock and Alamo in these regions. Besides the HS zones discussed above, Cave-in-Rock yields 
are also high and stable in northern Illinois, northern Indiana, and northern Ohio. Alamo yields 
are also high and stable in most areas of the southern USA, except for eastern Texas, the region 
between Arkansas and Louisiana border, and the Tennessee, Georgia, and South Carolina tri-
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state region. However, the lower part of the southern USA is usually a LU yield zone for 
Miscanthus and LS yield zone for Cave-in-Rock. 
There are certain yield patterns which are common to all three bioenergy grasses. These 
include the following: low and stable yield for all three grasses in the western Great Plains, such 
as western South Dakota, western Nebraska, western Kansas, western Texas, etc., due to poor 
soil texture and low precipitation; low and stable biomass yields in upper part of north central, 
northeastern, and northern New England due to cold temperature conditions. These LS yield 
zones are not suitable to grow the three specific bioenergy grasses considered in this study, but it 
is possible that other bioenergy crops or other switchgrasses cultivars perform better in these 
zones. However, the calculations of other bioenergy crops or switchgrasses cultivars are beyond 
the scope of this study and will be implemented in the future modeling studies. 
Overall, the ISAM-estimated spatial yields patterns for bioenergy grasses in the USA are 
in agreement with previous model studies. In addition, ISAM can simulate the adaption of 
different bioenergy grasses across the latitudes ranging between 26°N and 41°N for Miscanthus 
and between 26°N and 46°N for switchgrasses by accounting for the effect of photoperiod on 
phenology and leaf development and the effect of extreme environmental conditions on 
establishment, carbon assimilation, and phenology. There are significant differences between 
ISAM and other models estimated highest yields due to differences in the treatment of 
environmental stress factors in different models. With more comprehensive treatment of 
environmental stress factors such as considerating the effect of water, temperature, light, and 
nitrogen on plant phenology and carbon allocation, ISAM estimated highest yield for bioenergy 
grasses is lower than BIOCRO and Agro-IBIS estimated values. For Miscanthus, these 
differences are also due to the different observational data that is used for model calibration. 
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ISAM is calibrated with data from the large plots with replications at the Urbana, IL, site, while 
BIOCRO and Agro-IBIS model are calibrated by data from the small plots with replications at 
the same site. The observed aboveground biomasses from the smaller plots are much higher than 
those from the larger plots due to the edge effect, and this effect should be accounted for if small 
plots are used for model calibration. The close agreement between the ISAM modeled and 
measured yields at extended evaluation sites (ranging from 26.68°N to 46.88°N) suggests that 
ISAM is able to simulate bioenergy grasses across diverse environments in the USA. Further 
evaluation of modeled yields in southern Texas is needed with high resolution of soil depth and 
slope data. More measured yield data in north central, northeastern, and northern New England is 
also needed to further assess the model’s performance in these areas. 
The identification of four yield zones for bioenergy grasses in the eastern USA indicates 
that HS yield zones over most of the eastern USA are more suitable to grow bioenergy grasses, 
whereas yield instability needs to be considered when assessing the potential yields of bioenergy 
grass in the HU yield zones. The LS yield zones in the upper part of north central, northeastern, 
and northern New England usually could not grow bioenergy grasses due to winter-injury. 
Bioenergy grasses also may not survive in western parts of the Great Plains. Climate change may 
increase the uncertainty in yield variance in the HU and LU zones by altering the precipitation 
amount and frequency. 
In chapter 4, I have applied the calibrated and validated ISAM to evaluate the interplay 
between potential bioenergy grass (Miscanthus, Cave-in-Rock, and Alamo switchgrass) 
production and water quantity and water quality in the eastern and central US. Before I perform 
this experiment, I further improve the model by implementing spatially varied bedrock depth 
distribution based on a conterminous U.S multilayer soil characteristics dataset (CONUS-SOIL) 
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(Miller et al., 1998) and parameterizing of the effects of root growth on soil structure and thus 
soil hydraulic conductivity in fine-texture soils. The improved model better captures the water 
fluxes through the soil-vegetation-atmosphere system in regions with shallow soil layers or fine-
texture soil. With this improved model, I further evaluate the model’s ability to capture 
evapotranspiration (ET) abilities of Miscanthus and Cave-in-Rock and Alamo switchgrasses and 
their impacts on soil moisture and N leaching (NL). Our results indicate that ISAM is able to 
capture both seasonal and inter-annual variability in ET and soil water content, and annual total 
NL for Miscanthus and Cave-in-Rock and Alamo switchgrass.  
I have applied this well-validated model to evaluate (1) the potential land and water 
consumption demand on a per unit of ethanol production basis, (2) the progressive interaction 
between water quantity and biomass production over time, and (3) the spatial changes in soil 
water quantity and quality (i.e. NL) as a result of producing bioenergy grasses relative to existing 
vegetation over the period 2001-2012 in the eastern and central USA. Following the four spatial 
yield zones identified in Chapter 3, I have assessed the interplay between potential bioenergy 
grass production, water quantity and quality over each yield zone.  
The results of Chapter 4 show that Miscanthus in its HS zone has the lowest land demand 
and evapotranspiration on a per unit of ethanol basis among the three bioenergy grasses. 
However, Miscanthus yields are less stable than those for switchgrasses and are more sensitive to 
soil water availability. Over the time period 2001-2012, our results suggest that growing 
bioenergy grasses in HU, LU, and LS zones would encounter enhanced dry conditions and 
further limit ethanol productivity over time. Although growing bioenergy grasses in HS yield 
zones could decrease total SW with time, it would not impact ethanol productivity due to the fact 
that bioenergy crops could use water from deeper moist soil layers to mitigate water stress 
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conditions under normal climate conditions. When comparing water fluxes between soils–
bioenergy grasses systems and soils–existing vegetation systems, I find that bioenergy grasses 
usually have higher productivity when growing in areas currently occupied primarily by crops 
and forests. Production of Miscanthus in HS and HU zones and Cave-in-Rock in HU zones 
decreases soil water quantity at an annual rate of around 10mm yr-1 and 7mm yr-1 respectively, 
whereas production of Alamo influences soil water quantity at a local scale, but the local effects 
on soil water quantity can be offset across a zone. In contrast, production of Miscanthus in LS 
and LU zones and Cave-in-Rock in the LS zone, which are occupied by large areas of evergreen 
forest, on average increases soil water quantity due to a decrease in ET, which is larger than the 
increase in runoff. The maximum increase in soil water quantity is for Cave-in-Rock in the LS 
zone at the annual rate of 12mm yr-1. Production of bioenergy grasses in their HS and HU zones 
decreases NL by around 1.4-2.8 gN m-2 yr-1, which is usually higher than the reduction in NL in 
LU and LS zones. 
Overall, the results of this analysis of the interplay between production of bioenergy 
grasses and water quantity and quality suggest an optimal distribution of three bioenergy grasses 
in the US to attain the highest ethanol productivity with limited impacts on water quantity and 
quality.  I find that the largest mitigation of N leaching, and the smallest estimated land and 
water demand on per unit of ethanol production is in HS regions in the southern Midwest region 
for Miscanthus, the northern and central Midwest for Cave-in-Rock, and the southern US for 
Alamo. Bioenergy grasses in these HS zones produce 0.48~0.65 L m-2 ethanol from Miscanthus, 
0.20-0.42 L m-2 ethanol from Cave-in-Rock, and 0.37~0.51 L m-2 ethanol from Alamo. At the 
same time, there is 0.91-1.24 m3 m-2 of water consumption for Miscanthus, 0.54-1.13m3 m-2 for 
Cave-in-Rock, and 0.93-1.28m3 m-2 for Alamo. Conversion of row crops to bioenergy grasses in 
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these regions can mitigate NL. However, it may raise other issues involving, e.g., food and wood 
production, C sequestration, land degradation etc., which need to be studied in future research. In 
addition, growing bioenergy grasses on the croplands/grasslands consumes more water than 
crops/grasses while growing bioenergy grasses in certain regions (e.g., the Great Plains) 
aggravates dry conditions and limits the bioenergy grasses’ productivity. Productivity may not 
diminish in other areas (e.g., the Midwest) due to root growth towards deeper, moister soils. 
In chapter 5, I have further improved the model by implementing spatially varied N 
translocation rate for the three bioenergy grasses, temporally varied N demand for per unit of C 
assimilation for the three bioenergy grasses and biological N fixation by Miscanthus. 
Implementation of these bioenergy grasses specific N dynamics improves the model’s ability to 
capture the response of biomass yields of bioenergy grasses to N fertilization especially in N-
limited regions. In addition, I have also evaluated model’s ability to capture belowground carbon 
stock in root and rhizome, soil respiration, NEE, and N2O emission with the growth of bioenergy 
grasses. The evaluation results show that the model is basically able to capture multiyear 
variability in belowground carbon stock in root and rhizome, soil respiration, NEE, and N2O 
emission, except for the possible overestimated carbon and N2O emission during the year of 
establishment. The improved model has been used to estimate spatial yield zones for bioenergy 
grasses based on the method introduced in Chapter 3. The results indicate that implementation of 
bioenergy grasses with N dynamics does not significantly change the yields and spatial yield 
zone distribution for bioenergy grasses in the eastern USA, but estimated yield are lower as 
compared to without N dynamics case in N limited regions (i.e. the bottom of the southern USA). 
Following the spatial yield zones defined in Chapter 5, I have estimated NEE and N2O 
emission with growth of bioenergy grasses in the eastern USA with and without application of N 
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fertilizer and land cover and land use change (LCLUC) over the time period 2000-2012.The 
results show that the soils of bioenergy grasses act as a carbon source to the atmosphere on 
average over the time period 2000-2012 in the eastern USA, when both N fertilizer application 
and LCLUC are considered. Application of N fertilizer can mitigate carbon emission, but can 
significantly increase N2O emission. Though LCLUC has a smaller impact on N2O emission than 
that the effect of N fertilizer, it significantly decreases the SOC stocks, and as a result of this the 
terrestrial biosphere becomes a source of carbon across the USA. Convertion of forests and 
grasslands to bioenergy grasses act as a carbon source in the eastern USA, whereas growing 
bioenergy grasses on croplands relsults in carbon neutral (NEE of 0.01-0.02kg C m-2 yr-1), but 
the estimated N2O emission is higher than emissions due to conversion of forests and grasslands 
to bioenergy grasses. Growing bioenergy grasses on croplands can act as a carbon sink to the 
atmosphere CO2 in some regions, such as the southern Midwest, lower Mississippi basin, South 
Atlantic, and Middle Atlantic. 
6.2 FUTURE WORK 
 
The work presented in this thesis has discussed the biogeophysical and biogeochemical 
effects of growing bioenergy grasses in the USA separately, and further explored how these 
effects will in turn impact the growth of bioenergy grasses. As mentioned in Chapters 3-5, it is 
possible to optimize the distribution of different bioenergy crops to attain multiple benefits, 
including high ethanol productivity, the least negative impact on soil water quantity and quality 
and the largest mitigation of greenhouse gas emissions. The implementation of this optimized 
distribution of bioenergy grasses in the USA depends on the understanding of the effects of 
management practices (e.g. irrigation, N fertilization etc.) on production of bioenergy crops, 
water and energy balance, and carbon and nitrogen cycle as well as their interactions. Therefore, 
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one aspect of my study can be extended in the future to address this complicated interaction 
between management practices, bioenergy grasses production, water and energy balance, and 
carbon and nitrogen balance. The model that I presented in this thesis accounts for management 
practices, such as irrigation, N fertilization etc., and couples them with dynamic crop growth 
processes, biogeophsycial and biogeochemical processes. Therefore, it is possible to apply this 
model to analyze the reasonable N fertilizer rate in order to attain high ethanol productivity, the 
least water consumption and the largest mitigation of GHGs emission.  
In addition, as I mentioned in the Chapter 1, the purposes of understanding the 
biogeophysical and biogeochemical effects of bioenergy grasses is to explore how growing 
bioenergy grasses will impact the climate directly or indirectly. All analysis in this thesis uses the 
“offline” way to run ISAM, which means the impact of bioenergy grasses growth on water, 
energy and carbon fluxes will not affect the climate. Therefore, this work can be extended in the 
future to couple ISAM with a regional climate model, such as the WRF model, to explore the 
direct interactions between bioenergy grasses production and climate change. Through this 
coupled land surface and climate model,  two questions can be further addressed: (1) how will 
growing bioenergy grasses impact temperature and precipitation pattern in the USA; and (2) how 
will agricultural management practice, in terms of N fertilization, irrigation, etc., affect the 
climate effect of large-scale expansion of bioenergy grasses in the USA? 
Moreover, since I have developed an integrated model-data framework to simulate the 
growth of bioenergy crops and their interactions with water and energy balance and carbon and 
nitrogen balance, it is possible to include other bioenergy crops or rows crops, such as sugarcane, 
wheat, rice etc., in this integrated model-data framework to explore more issues related to the 
interactions between agricultural production and climate change. In fact, I have participated in 
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studies to explore the impact of ENSO on corn yield in the Midwest and effect of climate change 
on corn and soybean yields in the Midwest. Our studies (Niyogi et al., 2015) suggest that ISAM 
is able to capture these climate effects on crop production. Therefore, it is possible to apply and 
extend my current model framework to explore more issues regarding the interaction between 
climate change and agricultural production. This will help mitigate the uncertainty in 
understanding the future climate under human disturbance.   
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APPENDIX A 
 
TABLE A1.Variables and parameters that appear in the model equations in Chapter 2. There are 
two values in the Parameter Values column. The first is for corn, and the second one is for 
soybean. Parameter	  Symbol	   Definition	   Parameter	  Values	   Source	  𝑉!"#$!" Maximum carboxylation rate at the reference 
temperature of 25℃	   54,	  100	  𝜇𝑚𝑜𝑙  𝑚!!𝑠!!`	   Collatz et al. (1992);  Bernacchi et al. (2005)	  𝑚	   The	  slope	  of	  regression	  carbon	  assimilation	  to	  stomatal	  conductance	  in	  Ball-­‐Berry	  equation	   3,	  9	   Collatz et al. (1992)	  b	  	   Minimum stomatal conductance in Ball-Berry equation	   0.04,	  0.01	  [𝑚𝑜𝑙  𝑚!!𝑠!!]	   Collatz et al. (1992)	  𝑇!!"!	   ½	  point	  of	  high	  temperature	  inhibition	  function	  for	  carbon	  assimilation	   318,	  313	  [K]	   Dai et al. (2003) Hofstra & Hesketh 
(1969- 𝑇!"#	   ½	  point	  of	  low	  temperature	  inhibition	  for	  carbon	  assimilation	   283,283	  [K]	   Dai et al. (2003) Hofstra & Hesketh 
1969 𝑆!"#	  	   Slope	  of	  low	  temperature	  inhibition	  function	  for	  carbon	  assimilation	  	   0.3,0.3	  [𝐾!!]	  	   Dai et al. (2003) Hofstra & Hesketh (1969) 𝑆!!"!	  	   Slope	  of	  high	  temperature	  inhibition	  function	  for	  carbon	  assimilation	   0.2,0.2	  [𝐾!!]	   Dai et al. (2003) Hofstra & Hesketh 
(1969) 𝜒!"#$	   Leaf angle distribution parameter in two-stream 
approximation 
0,0	   Sheller (1985); 
Norman (1986) 𝑅!!	   Reflection fraction of green leaves to visible 
radiation 
0.11,0.11	   Sheller (1985); 
Norman (1986) 𝑅!" 	   Reflection fraction of green leaves to near-infrared 
radiation 
0.58,0.52	   Sheller (1985); 
Norman (1986) 𝑅!"	   Reflection fraction of dead leaves to visible 
radiation 
0.36,0.31	   Sheller (1985); 
Norman (1986) 𝑅!!	   Reflection fraction of dead leaves to near-infrared 
radiation 
0.58,0.58	   Sheller (1985); 
Norman (1986)   𝜏!!	   Transmittance fraction of green leaves to visible 
radiation 
0.07,0.04	   Sheller (1985); 
Norman (1986)   𝜏!"	   Transmittance fraction of green leaves to near-
infrared radiation 
0.25,0.32	   Sheller (1985); 
Norman (1986)   𝜏!"	   Transmittance fraction of dead leaves to visible 
radiation 
0.22,0.36	   Sheller (1985); 
Norman (1986)   𝜏!!	   Transmittance fraction of dead leaves to near-
infrared radiation 
0.38,0.38	   Sheller (1985); 
Norman (1986) 𝑇!"#$	   Base atmospheric temperature for crop planting 
and growth in Eqs.A1-2 
283,283	  [K]	   Darby and Lauer (2000); 𝑇𝑠𝑜𝑖𝑙!"#$#!%& 	   Base soil temperature for crop planting in Eq.A1 285,285	  [K]	   Penning de Vries et al. (1989) 𝑇!"#$_! 	   Daily mean atmospheric temperature of the ith day Varies	    𝑇𝑠𝑜𝑖𝑙!"#$_! 	   Daily mean soil temperature of the ith day Varies	    𝐺𝐷𝐷0!"#	   Minimum running accumulation of growing degree 
days above 0oC for planting 
170,210	  [℃]	   This study 
182 	  	  
Parameter	  Symbol	   Definition	   Parameter	  Values	   Source	  𝐺𝐷𝐷!"#	   Required total heat above base temperature for 
mature  
1620,1670[℃]	   This study 𝐻𝑈𝐼! 	   Heat unit index of the i day Varies	    𝐻𝑈𝐼!!	   Minimum heat unit index during the initial 
vegetative period 
0.10,0.15	   Darby and Lauer 
(2000); 
McWilliams et al. 
(2004);  
USDA-NASS (2009);  
USDA-OCE(2010); 	  
This study 
  𝐻𝑈𝐼!!	   Minimum heat unit index during the normal 
vegetative period 
0.19,0.17	  𝐻𝑈𝐼!!	   Minimum heat unit index during the initial 
reproductive period 
0.63,0.69	  𝐻𝑈𝐼!!	   Minimum heat unit index during the post 
reproductive period 
0.80,0.85	  𝐻𝑈𝐼!!!	   Heat unit index in Eq.A19 0.38,	  0.20	  𝐻𝑈𝐼!!!	   Heat unit index in Eq. A20 0.69,0.79	  𝐷! 	   Total days during the emergence period 22,22	  𝐷!!	   Total days during the initial vegetative period 17,17	  𝐷!!	   Total days during the normal vegetative period 51,53	  𝐷!!	   Total days during the initial reproductive period 37,28	  𝐷!!	   Total days during the post reproductive period 32,30	  𝐷!"#$%	   Julian day of planting time Varies	    𝐷!"#$!!! 	   Julian day of the first day of the initial vegetative 
period 
Varies	    𝐷!"#$!!! 	   Julian day of the first day of the normal vegetative 
period 
Varies	    𝐷!"#$!!! 	   Julian day of the first day of the initial 
reproductive period 
Varies	    𝐷!"#$%!! 	   Julian day of the first day of the post reproductive 
period 
Varies	    𝐷! 	   Julian day of the ith day Varies	    𝐶!"#$%&' 	   Initial carbon storage in seed during the emergence  Constant	   Input parameter 𝐶!"#$%&'_!"#	   Initial carbon storage in seed as referenced seeding 
rate 
20,30	  [g	  C]	   This study 𝑅!""# 	   Seeding rate Constant	   Input parameter 𝑅!""#_!"#	   Referenced seeding rate 62236,	  370644	    𝐺𝑃𝑃! 	   Gross primary productivity on the ith day Varies	    𝑁𝑃𝑃! 	   Net primary productivity on the ith day Varies	    𝑅𝑛	   Net solar radiation Varies	    𝐻	   Canopy sensible heat Varies	    𝐿𝐻	   Canopy latent heat Varies	    𝐶!_!"#$! 	   Green leaf carbon on the ith day Varies	    𝐶!_!"#$! 	   Dead leaf carbon on the ith day Varies	    𝐶!!"#! 	   Stem carbon on the ith day Varies	    𝐶!!!"! 	   Root carbon on the ith day Varies	    𝑅!_!"#$! 	   Maintenance respiration of leaf  Varies	    𝑅!_!"#$! 	   Maintenance respiration of stem Varies	    𝑅!_!""#! 	   Maintenance respiration of root Varies	    𝑅!_!"#$%! 	   Maintenance respiration of grain Varies	    𝑅!! 	   Total growth respiration on the ith day Varies	    𝑅!!"#$! 	   Leaf growth respiration on the ith day Varies	    𝑅!!!"#! 	   Stem growth respiration on the ith day Varies	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Parameter	  Symbol	   Definition	   Parameter	  Values	   Source	  𝑅!!!!"! 	   Root growth respiration on the ith day Varies	    𝑅!!"#$%! 	   Grain growth respiration on the ith day Varies	    𝑘!"#$	   Maintenance respiration coefficients of leaf at 20 ℃ 3.37×10!!   [𝑔  𝐶  𝑔  𝑁!!𝑠!!]	  Penning De Vries et al. (1989) 𝑘!"#$	   Maintenance respiration coefficients of stem at 20 ℃ 1.05×10!!   [𝑔  𝐶  𝑔  𝑁!!𝑠!!]	  Penning De Vries et al. (1989) 𝑘!""#	   Maintenance respiration coefficients of root at 20 ℃ 3.37×10!!	  [𝑔  𝐶  𝑔  𝑁!!𝑠!!]	  Penning De Vries et al. (1989) 𝑘!"#$%	   Maintenance respiration coefficients of grain at 20 ℃ 1.68×10!!	  [𝑔  𝐶  𝑔  𝑁!!𝑠!!]	  Penning De Vries et al. (1989) 𝐶𝑁!"#$	   C:N ratio of leaf 32,12	   Wingeyer (2007)               𝐶𝑁!"#$	   C:N ratio of stem 33,12	   Wingeyer (2007) 𝐶𝑁!""#	   C:N ratio of root 48,50	   Wingeyer (2007) 𝐶𝑁!"#$%	   C:N ratio of grain 200,200	   Wingeyer (2007) 𝑇!"#$	   Leaf temperature per time step Varies	    𝑇!"#$ 	   Soil temperature per time step Varies	    𝐴𝑙!	   Allocation fraction for leaf carbon during the 
initial vegetative period without stress 
0.5,0.3	   This study 𝐴𝑠!	   Allocation fraction for stem carbon during the 
initial vegetative period without stress 
0.2,0.32	   This study 𝐴𝑟!	   Allocation fraction for root carbon during the 
initial vegetative period without stress 
0.3,0.38	   This study 𝐴𝑙!!	   Initial allocation fraction for leaf carbon during the 
initial reproductive period without stress 
0,0	   This study 𝐴𝑠!!	   Initial allocation fraction for stem carbon during 
the initial reproductive period without stress 
0.45,0.35	   This study 𝐴𝑟!!	   Initial allocation fraction for root carbon during the 
initial reproductive period without stress 
0.10,0.20	   This study 𝐴𝑔!!	   Initial allocation fraction for grain carbon during 
the initial reproductive period without stress 
0.45,0.45	   This study 𝐴𝑙!!	   Initial allocation fraction for leaf carbon during the 
post reproductive period without stress 
0,0	   This study 𝐴𝑠!!	   Initial allocation fraction for stem carbon during 
the post reproductive period without stress 
0,0	   This study 𝐴𝑟!!	   Initial allocation fraction for root carbon during the 
post reproductive period without stress 
0.45,0.65	   This study 𝐴𝑔!!	   Initial allocation fraction for grain carbon during 
the post reproductive period without stress 
0.55,0.35	   This study 𝐴𝑙!!!	   Allocation fraction for leaf without stress in Eq. 
A19 
0.79,0.85	   This study 𝐴𝑠!!!	   Allocation fraction for stem without stress in Eq. 
A19 
0.10,0.12	   This study 𝐴𝑟!!!	   Allocation fraction for root without stress in Eq. 
A19 
0.11,0.03	   This study 𝑘1!!	   Increasing rate of leaf allocation fraction with HUI 
in Eq. A19 
1.0,9.5	   This study 𝑘2!!	   Increasing rate of stem allocation fraction with 
HUI in Eq. A19 
2.4,0.0	   This study 𝑘1!!	   Increasing rate of grain allocation fraction with 
HUI in Eq. A20 
1.0,	  2.1	   This study 𝐴𝑙	   Allocation fraction for leaf on each day Varies	    𝐴𝑠	   Allocation fraction for stem on each day Varies	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Parameter	  Symbol	   Definition	   Parameter	  Values	   Source	  𝐴𝑟	   Allocation fraction for root on each day Varies	    𝐴𝑔	   Allocation fraction for grain on each day Varies	    𝜔	   Sensitivity parameter of allocation to changes in 
availability of light, water and N in Eq.A22 
0.8	   Arora and Boer (2005) 𝐿𝑆! 	   Scalar index of the availability of light in Eq. A22 Varies	    𝑊𝑆! 	   Scalar index of availability of water in Eq. A22 Varies	    𝑁𝑆! 	   Scalar index of availability of N in Eq. A22 Varies	   Yang et al. (2009) 𝐾!	   Light extinction coefficient in Eq.A23 -­‐0.5	   Arora and Boer (2005) 𝑤! 	   Crop wilting factor for soil layer i in Eq.A24 Varies	    𝜃!"#,! 	   The saturation water content for soil layer ith Function	  of	  soil	  texture	   Oleson et al. (2008) 𝜃!"#,! 	   The volumetric ice content for soil layer ith Varies	    𝜃!"#,! 	   The volumetric liquid water content for soil layer 
ith 
Varies	    𝜓!"#$%	   The water potential at full stomatal closure -­‐275000	  mm	   Oleson et al. (2008) 𝜓!"#$	   The water potential at full stomatal open -­‐74000	  mm	   Oleson et al. (2008) 𝜓! 	   The soil water matric potential for soil layer ith Varies	    𝑅𝑙	   Dead rate of green leaves Varies	    𝑅𝑛! 	   Dead rate of green leaves due to aging Varies	    𝑅𝑡! 	   Dead rate of green leaves due to cold temperature Varies	    𝑅𝑤! 	   Dead rate of green leaves due to drought Varies	    𝑇𝑆! 	   Scalar index of cold temperature stress in Eq.A28 Varies	    𝑅𝑡!"#	   Maximum death rate of green leaves due to cold 
temperature 
0.30	   This study 𝑅𝑤!"#	   Maximum death rate of green leaves due to 
drought 
0.03	   This study 𝑇!"#$ 	   Cold temperature threshold for cold-induced death 
of green leaves 
285[K]	   This study 𝑘𝑙!	   Remove fraction of previous produced leaf litter 1.0	   This study 𝑘𝑙!	   Remove fraction of new produced leaf litter 0.77	   This study 𝑟𝑙𝑡!"#$	   Leaf turnover rate 1.21,1.47	  [year]	   This study 𝑟𝑙𝑡!"#$	   Stem turnover rate 1.0	  [year]	   This study 𝑟𝑙𝑡!""#	   Root turnover rate 1.0	  [year]	   This study 𝐿!_!"#$! 	   Leaf litter carbon on ith day Varies	    𝐿!!"#! 	   Stem litter carbon on ith day Varies	    𝐿!""#! 	   Root litter carbon on ith day Varies	    𝜖	   Parameter in Eq.A31 0.04	   Arora and Boer (2005) 𝜅	   Parameter in Eq.A31 1.6	   Arora and Boer (2005) 𝑅𝑆!"#	   Minimum root: shoot ratio of crop 0.07	   Arora and Boer (2005) 𝐿𝐴𝐼	   Leaf area index Varies	    𝐿𝐴𝐼! 	   Dead leaf area index Varies	    𝐿𝐴𝐼!	   Green leaf area index Varies	    𝐿𝐴𝐼!"#	   Maximum leaf area index 6.0,6.0	  [m2	  m-­‐2]	   Verma et al. (2005) 𝑆𝐿𝐴	   Specific leaf area 0.04,0.05[𝑚!𝑔!!]	   Calculation based on Ameri-Flux data 𝐻!"#	   Maximum canopy height 2.3,	  0.9	  [m]	   Ameri-Flux data 𝐻! 	   Canopy height on the ith day Varies	    𝐵!"#$! 	   Leaf biomass on ith day Varies	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Parameter	  Symbol	   Definition	   Parameter	  Values	   Source	  𝐵!!"#! 	   Stem biomass on ith day Varies	    𝐵!!!"! 	   Root biomass on ith day Varies	    𝐷!!!"! 	   Root depth on ith day Varies	    𝑧𝑖 𝑗 	   The depth of soil layer jth Constant	    𝑓! 	   Accumulated root fraction in soil layer jth Varies	    𝑟! 	   Root fraction in soil layer jth Varies	    𝐿!"#	   The soil layer where root tip located Varies	    𝛼	   Root growth direction parameter in Eqs.A41-42 0.7	   Calibration based on 
Newell (1987) 𝑅!"#$_!"#$%&' 	   Variable root distribution parameter in Eqs.A41-42 0.53	   Calibration based on 
 Newell (1987) 	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TABLE A2. ISAM model equations described in Chapter 2. 
Function  Equations 
Phenology For planting date (Dplant) 𝑇!"#$_!!!!!!!!!!!7 > 𝑇!"#$𝑇𝑠𝑜𝑖𝑙!"#$_!!!!!!!!!!! 7 > 𝑇𝑠𝑜𝑖𝑙!"#$#!%&(𝑇!"#$_!!!!!!!! − 273.16) > 𝐺𝐷𝐷0!"#
       
 
Eq.A1 
 
Phenology For heat unit index 𝐻𝑈 ! = (𝑇!"#$_! − 𝑇!"#$)!!!!!!!!"#$%𝐺𝐷𝐷!"#  
 
Eq.A2 
Phenology For emergence period 0 ≤ 𝐻𝑈𝐼! ≤ 𝐻𝑈𝐼!!(𝐷! − 𝐷!"#$% + 1) ≤ 𝐷!𝐿𝐴𝐼! ≤ 𝐿𝐴𝐼!"#  
 
Eq.A3 
Phenology For initial vegetative period 𝐻𝑈𝐼!! < 𝐻𝑈𝐼! ≤ 𝐻𝑈𝐼!!(𝐷! − 𝐷!"#$!!! + 1) ≤ 𝐷!!𝐿𝐴𝐼! ≤ 𝐿𝐴𝐼!"#  
 
Eq.A4 
Phenology For normal vegetative period 𝐻𝑈𝐼!! < 𝐻𝑈𝐼! ≤ 𝐻𝑈𝐼!!𝐷! − 𝐷!"#$!!! + 1 ≤ 𝐷!!𝐿𝐴𝐼! ≤ 𝐿𝐴𝐼!"#  
 
Eq.A5 
Phenology For initial reproductive period 𝐻𝑈𝐼!! < 𝐻𝑈𝐼! ≤ 𝐻𝑈𝐼!!𝐷! − 𝐷!"#$!!! + 1 ≤ 𝐷!! 
 
Eq.A6 
Phenology For post reproductive period 𝐻𝑈𝐼!! < 𝐻𝑈𝐼! ≤ 1.0(𝐷! −  !"#$%!! + 1) ≤ 𝐷!!                                   
 
Eq.A7 
Phenology Cold destroy on yield is induced by 𝑇!"#$_!!!!!!!!!!! < 273.16 
 
Eq.A8 
Phenology Silk delay is induced by 𝑇!"#!! > 303.16!!!!!!!!!!𝑊𝑆!   <                         0.5!!!!!!!!!!  
 
Eq.A9 
Carbon 
allocation 
For initial carbon during the emergence period 𝐶!"#$%&' = 𝐶!"#$%&'_!"# ∗ 𝑅!""# 𝑅!""#_!"# Eq.A10 
187 	  	  
Function  Equations 
Carbon 
allocation 
Foe carbon allocation during the emergence period 𝐶!_!"#$! = 0.6 ∗ 𝐶!"#$%&' ∗ 𝐻𝑈𝐼!𝐻𝑈𝐼!!𝐶!!!"! = 0.4 ∗ 𝐶!"#$%&' ∗ 𝐻𝑈𝐼!𝐻𝑈𝐼!!  
 
Eq.A11 
Carbon 
allocation 
For daily net primary production 
NPPi= GPPi-(𝑅!_ !"#! + 𝑅!_!"#$! + 𝑅!_!""#! + 𝑅!_!"#$%!) − 𝑅!! 
 
Eq.A12 
Carbon 
allocation 
For maintenance respiration 𝑅!_!"#$! = 𝑘!"#$ ∗ !!_!"#$!!!!_!"#$!!"!"#$ ∗ 𝑔( !"#$)𝑅!_!"#$! = 𝑘!"#$ ∗ !!"#$!"!"#$ ∗ 𝑔(𝑇!"#$)𝑅!_!""#! = 𝑘!""# ∗ !!""#!"!""# ∗ 𝑔 𝑇!"#$         𝑅!_!"#$%! = 𝑘!"#$% ∗ !!"#$%!"! !"# ∗ 𝑔(𝑇!"#$)
  
Eq.A13 
   
Carbon 
allocation 
Q10 temperature function for maintenance respiration 𝑔 𝑇!"#$ = 𝑄!"_!"#$%(!!"#$!!"#.!")𝑔 𝑇!"#$ = 𝑄!"_!"#$%(!!"#$!!"#.!")  
Eq.A14 
   
Carbon 
allocation 
Temperature adjusted Q10 value 𝑄!"_!"#$% = 3.22 − 0.046 ∗ (𝑇!"#$ − 273.16)𝑄!"_!"#$% = 3.22 − 0.046 ∗ (𝑇!"#$ − 273.16)  Eq.A15  
   
Carbon 
allocation 
For growth respiration 𝑅!! = max  (0, 0.25 ∗ 𝐺𝑃𝑃 − 𝑅!!"#$! − 𝑅!!"#$! − 𝑅!!""#! − 𝑅!!"#$%! )    Eq.A16 
   
Carbon 
allocation 
Partitioning of the growth respiration into each vegetation pool 𝑅!!"#$! = 𝑅!! ∗ !!!"#$!!!!!"#$!!!!"#$!!!!_!"#$!!!!"#$!!!!""#!!!!"#$%!𝑅!!!"#! = 𝑅!! ∗ !!"#$!!!!"#$!!!!_!"#$!!!!"#$!!!! !"!!!!"#$%!𝑅!!!!"! = 𝑅!! ∗ !!!!"!!!!"#$!!!!_!"#$!!!!"#$!!!!""#!!!!"#$%!𝑅!!"#$%! = 𝑅!! ∗ !!"#$%!!!!"#$!!!!_!"#$!!!!"#$!!!!""#!!!!"#$%!
  
Eq.A17 
   
Table A2 (Cont.) 
188 	  	  
Function  Equations 
Carbon 
allocation 
Thermal determined carbon allocation factor for initial vegetative period 𝐴𝑙 = 𝐴𝑙!𝐴𝑠 = 𝐴𝑠!𝐴𝑟 = 𝐴𝑟!𝐴𝑔 = 𝐴𝑔! 
 
Eq.A18 
Carbon 
allocation 
Thermal determined carbon allocation factor for normal vegetative period 
When 𝐻𝑈𝐼! ≤ 𝐻𝑈𝐼!!! 𝐴𝑙 = 𝐴𝑙! + 𝐻𝑈𝐼! − 𝐻𝑈𝐼!! ∗ 𝑘1!!𝐴𝑠 = 𝐴𝑠!𝐴𝑟 = 𝐴𝑟! − 𝐻𝑈𝐼! − 𝐻𝑈𝐼!! ∗ 𝑘1!!𝐴𝑔 = 0  
When 𝐻𝑈𝐼! > 𝐻𝑈𝐼!!! 
 𝐴𝑙 = 𝐴𝑙!!! − 𝐻𝑈𝐼! − 𝐻𝑈𝐼!!! ∗ 𝑘2!!𝐴𝑠 = 𝐴𝑠!!! + 𝐻𝑈𝐼! − 𝐻𝑈𝐼!!! ∗ 𝑘2!!𝐴𝑟 = 𝐴𝑟!!!𝐴𝑔 = 0  
 
Eq.A19 
Carbon 
allocation 
Thermal determined carbon allocation factor for initial reproductive period 
When 𝐻𝑈𝐼! ≤ 𝐻𝑈𝐼!!! 
 𝐴𝑙 = 𝐴𝑙!!𝐴𝑠 = 𝐴𝑠!!𝐴𝑟 = 𝐴𝑟!!𝐴𝑔 = 𝐴𝑔!! 
 
When 𝐻𝑈𝐼! > 𝐻𝑈𝐼!!! 
 𝐴𝑙 = 𝐴𝑙!!𝐴𝑠 = 𝐴𝑠!! − 𝐻𝑈𝐼! − 𝐻𝑈𝐼!!! ∗ 𝑘1!!𝐴𝑟 = 𝐴𝑟!!𝐴𝑔 = 𝐴𝑔!! + 𝐻𝑈𝐼! − 𝐻𝑈𝐼!!! ∗ 𝑘1!! 
 
Eq.A20 
Carbon 
allocation 
Thermal determined carbon allocation factor for post reproductive period 
 𝐴𝑙 = 𝐴𝑙!!𝐴𝑠 = 𝐴𝑠!!𝐴𝑟 = 𝐴𝑟!!𝐴𝑔 = 𝐴𝑔!! 
 
Eq.A21 
Carbon 
allocation 
Dynamic carbon allocation factor Function 
 𝐴𝑠 = 𝐴𝑠 + 𝜔 ∗ (1 − 𝐿𝑆!)1 + 𝜔 ∗ (3 − 𝐿𝑆! −𝑊𝑆! − 𝑁𝑆!)𝐴𝑟 = 𝐴𝑟 + 𝜔 ∗ (2 −𝑊𝑆! − 𝑁𝑆!)1 + 𝜔 ∗ (3 − 𝐿𝑆! −𝑊𝑆! − 𝑁𝑆!)𝐴𝑙 = 𝐴𝑙1 + 𝜔 ∗ 3 − 𝐿𝑆! −𝑊𝑆! − 𝑁 !
 
 
 
Eq.A22 
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Function  Equations 
Carbon 
allocation 
Light availability factor in dynamic carbon allocation factor function 
 
LSi=𝑒(!!!∗!"#!) 
 
Eq.A23 
 
   
Carbon 
allocation 
Water availability factor in dynamic carbon allocation factor function  
 WS! = 𝑤!!!!"!!! ∗ 𝑟!𝑤! = 𝜃!"#,! − 𝜃!"#,!𝜃!"#,! 𝜓! − 𝜓!"#$%𝜓!"#$ − 𝜓!"#$% ≤ 1      𝜃!"#,! >   0      0                                                                                                                                              𝜃!!",! =   0  
 
 
Eq.A24 
Carbon 
allocation 
For carbon allocation during initial and normal vegetative period 
 𝐶!_!!"#! = 𝐶!_!"#$!!! + 𝑁𝑃𝑃 ∗ 𝐴𝑙𝐶!!"!"! =             0𝐶!!"#! = 𝐶!"#$!!! + 𝑁𝑃𝑃 ∗ 𝐴𝑠𝐶!""#! = 𝐶!!!"!!! + 𝑁𝑃𝑃 ∗ 𝐴𝑟𝐶!"#$%! = 𝐶!"#$%!!! + 𝑁𝑃𝑃 ∗ 𝐴𝑔
 
 
Eq.A25 
Carbon 
allocation 
For carbon allocation during initial and post reproductive period 
 
When NPP>0 
  
𝐶!_!"#$! = max  (0, 𝐶!_ !"!! − 𝑅!!"#$ − 𝐶!_!"#!! ∗ 𝑅𝑙 )𝐶!_!"#$! = (𝐶!_!"#$!!! + 𝐶!_!"#!!) ∗ 𝑅𝑙𝐶!!"#! = 𝐶!!"#!!! + 𝑁𝑃𝑃 ∗ 𝐴𝑠𝐶!!!"! = 𝐶!""#!!! + 𝑁𝑃𝑃 ∗ 𝐴𝑟𝐶!!"#$! = 𝐶!"#$%!!! + 𝑁𝑃𝑃 ∗ 𝐴𝑔
 
 
When NPP≤0 𝐶!_!"#$! = max  (0, 𝐶!_!"#!! − 𝑅!!"#$ − 𝐶!_!"#!! ∗ 𝑅𝑙 )𝐶!_!"#$! = 𝐶!_!"#$!!! + 𝐶!_!"#!! ∗ 𝑅𝑙𝐶!!"#! =  !"#$!!! − 𝐶!"#!!!! ∗ 0.05 ∗𝑊𝑆!𝐶!!!"! = 𝐶!!!"!!! − 𝐶!""#!!! ∗ 0.05 ∗𝑊𝑆!𝐶!"#$%! = 𝐶!"#$%!!! + 𝐶!"#!!!! ∗ 0.05 ∗𝑊𝑆! + 𝐶!""#!!! ∗ 0.05 ∗𝑊𝑆!
 
Eq.A26 
   
Carbon 
allocation 
Death rate of green leaves 𝑅𝑙 = 𝑅𝑛! + 𝑅𝑡! + 𝑅𝑤! Eq.A27 
   
Carbon 
allocation 
Each death rate of green leaves due to aging, cold temperature and drought 𝑅𝑛! = 1 (𝑟𝑙𝑡!"#$ ∗ 365)𝑅𝑡! = 𝑅𝑡!"# ∗ (1 − 𝑇𝑆!)!.!𝑅𝑤! = 𝑅𝑤!"# ∗ (1 −𝑊𝑆!)!.! 
Eq.A28 
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Function  Equations 
Carbon 
allocation 
Temperature stress parameters for green leaves death 
𝑇𝑆! = 1                  𝑇!"#$_! > 𝑇!"#$(𝑇!"#$_! − 𝑇!"#$ − 5.0)5.0                             𝑇!"#$ > 𝑇!"#$_! > (𝑇!"#$ − 5.0)0          𝑇!"#$_! ≤ (𝑇!"#$ − 5.0)  
Eq.A29 
 
   
Carbon 
allocation 
Turnover rate of green rate due to aging. 𝑟𝑙𝑡!"#$ = (0.025𝑆𝐿𝐴 )!   Eq.A30  
   
Carbon 
allocation 
Structure limitation function 1 for carbon allocation 𝐶!"#$! + 𝐶!!!"! = 𝜖 ∗ 𝐶!!"#!!  Eq.A31 
   
Carbon 
allocation 
Structure limitation function 2 for carbon allocation 𝐶!""#!𝐶!!"#! + 𝐶!!"#! + 𝐶!"#$%! ≥ 𝑅𝑆!"# 
Eq.A32 
   
Litter 
Production 
Litter production for stem 𝐿!!"#! = 𝐶!!"#! (𝑟𝑙𝑡!"#$ ∗ 365) 
 
Eq.A33 
Litter 
Production 
Litter production for root 𝐿!""#! = 𝐶!""#! (𝑟𝑙𝑡!""# ∗ 365) 
 
Eq.A34 
Litter 
Production 
Litter production for dead leaves 𝐿!_!"#$! = 𝐶!_!"#$!!! ∗ 𝑘𝑙! + (𝐶!_!"#$! − 𝐶!_!"#$!!!) ∗ 𝑘𝑙! Eq.A35 
   
LAI  For total LAI 𝐿𝐴𝐼 = (𝐶!_!"#$! + 𝐶!_!"#$!) ∗ 𝑆𝐿𝐴 Eq.A36  
   
LAI For dead LAI 𝐿𝐴𝐼! = 𝐶!_!"#$! ∗ 𝑆𝐿𝐴 Eq.A37 
   
LAI For green LAI 𝐿𝐴𝐼! = max  (0. , 𝐿𝐴𝐼 − 𝐿𝐴𝐼! ) 
 
Eq.A38 
Canopy 
Height 
For canopy height 𝐵!"#$! = 0.1 ∗ (𝐶!_!"#!! + 𝐶!_!"#$!) ∗ ( 1𝐶𝑁!"#$ + 1)𝐵!!"#! = 0.1 ∗ 𝐶!!"#! ∗ ( 1𝐶𝑁!"#$ + 1)𝐻!" = 𝐻!"# ∗ (𝐵!!"#!   + 𝐵!!"#!  )!        
 
Eq.A39 
   
Root depth 
and 
distribution 
For root biomass 𝐵!!!"! = 0.1 ∗ 𝐶!!!"! ∗ 1𝐶𝑁!""# + 1  Eq.A40 
   
Root depth 
and 
distribution 
For root depth 𝐷!!!"! = 3 ∗ (𝐵!!!"!)!𝑅!"#$_!"#$%&' 
Eq.A41 
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Function  Equations 
Root depth 
and 
distribution 
Accumulated root fraction in each soil layer (j) 
 
𝑓! =
1 − 𝑒(!!!"#$_!"#$%&'∗!"(!))(!!""#!)!                   𝑧𝑖 𝑗 ≤ 𝐷!!!"!
1 − 𝑒 !!!"#$_!"#$%&'∗!!""#!!!""#! !         
𝐿!!" = 𝑗             𝑧𝑖(𝑗) > 𝐷!!!"!
 
Eq.A42 
 
   
Root depth 
and 
distribution 
Root fraction in each soil layer (j)  𝑟! = 𝑓!                 𝑗 = 1𝑓! − 𝑓!!!                2 ≤ 𝑗 ≤ 𝐿!"# EqA43 
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APPENDIX B 
 
 
TABLE B1. The values for various parameters used in Chapter 3. The three values separated by 
comma (,) in the 'Values' column are for Miscanthus, Cave-in-Rock, and Alamo. 
Symbol Definition Valuesa Source 
Pcrit Critical precipitation over previous 
week for switchgrass seed planting 
-, 6, 10[mm] This study 
TPsoil_crit Critical soil temperature for 
switchgrass seed planting 
-, 288, 288 [K] Parrish and Fike 
(2005) 
HUI0 Heat unit index above 0 °C Vary  
GDD0 Accumulated growing degree days 
above 0 °C summed from the first day 
of the year to current running day 
during the simulation  
  
𝐺𝐷𝐷0!"# Annual summation of growing 
degree days above 0 °𝐶 averaged for 
the 33 years (1980-2012) 
Vary Input parameters 
𝐻𝑈𝐼0! Minimum heat unit index above 0 °𝐶 
during the emergence stage of 
phenology 
0.10, 0.10, 0.10 Calibration 
parameter 𝐻𝑈𝐼0!! Minimum heat unit index above 0 °𝐶 
during the initial vegetative stage of 
phenology 
0.12, 0.14, 0.14 Calibration 
parameter 𝐻𝑈𝐼0!! Minimum heat unit index above 0 °𝐶 
during the normal vegetative stage of 
phenology 
0.30, 0.35, 0.22 Calibration 
parameter 𝐻𝑈𝐼0!! Minimum heat unit index above 0 °𝐶 
during the initial reproductive stage 
of phenology 
0.66, 0.66, 0.41 Calibration 
parameter 𝐻𝑈𝐼0!! Minimum heat unit index above 0 °𝐶 
during the post reproductive stage of 
phenology 
0.78, 0.73, 0.73 Calibration 
parameter 𝐻𝑈𝐼0! Minimum heat unit index above 0 °𝐶 
during the winter dormancy stage of 
phenology 
1.0, 1.0, 1.0 Calibration 
parameter 𝐷! Total maximum days during the 
emergence stage of phenology 
8, 10, 10 Calibration 
parameter 𝐷!! Total maximum days during the 
initial vegetative stage of phenology 
50, 50, 50 Calibration 
parameter 𝐷!! Total maximum days during the 
normal vegetative stage of phenology 
60, 50, 60 Calibration 
parameter 𝐷!! Total maximum days during the 
initial reproductive stage of 
phenology 
60, 50, 50 Calibration 
parameter 𝐷!! Total maximum days during the post 
reproductive stage of phenology 
76, 56, 76 Calibration 
parameter 𝑇!"#$ Base atmospheric temperature for 
grass planting and growth  
283, 283, 285 [K] Sanderson and 
Wolf(1995);  
Parrish and Fike, 
(2005); Heaton et 
al. (2010)  
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Symbol Definition Valuesa Source 𝑇!"#$_!"#$ Critical soil temperature for rhizome 
emergence 
283, 283, 285 [K] Lewandowski et 
al. (2003) 𝐿!"# Day length in each day Vary  𝐿! Critical day length for emergence 12,12,11 Parrish and Fike 
(2005)  𝐿! Critical day length for initiation of 
flowering  
13, 13, 12 [hour] Van Esbroeck et 
al. (2003);  
Jensen et al. 
2011) 𝐿𝐴𝐼!"# Maximum leaf area index 6.0, 4.5, 6.0 [m2/m2] Kiniry et al. 
(1999);  
Heaton et al. 
(2008); 
Dohleman and 
Long (2009) 
LAI Leaf area index Vary  𝑇!"#$% Air temperature critical value for 
frost damage  
244, 239, 250 [K] Casler (2012); 
USDA (2013) 𝑇!"#   _!"#$ Temperature critical value for 
occurrence of extreme hot and dry  
303, 300, 305 [K] Weng and Ueng, 
1997; 
Maughan et al. 
(2012)  𝑇!"#$ Annual maximum air temperature 
averaged for the past 33 years (1980-
2012) 
Vary Input parameter 
𝑇!"#$_!! Critical temperature for root zone 269, 269, 269[K] Parrish and Fike 
(2005); 
 Heaton et al. 
(2010) 𝑇!"#$% Annual minimum air temperature 
averaged for the past 33 years (1980-
2012) 
Vary Input parameter 
Wacrit The water availability critical value 
for extreme drought 
0.50, 0.30, 0.65  Calibration 
parameter 𝑇!"#! The previous three days average daily 
minimum temperature  
Vary  
Tmin7 The daily minimum temperature 
averaged for previous seven days 
Vary  
Tmax3 The daily maximum temperature 
averaged for previous three days 
Vary  
T6 Previous six days average daily 
temperature 
Vary  
P7 The accumulated precipitation of 
previous week 
Vary  
Wa7 The mean water availability of 
previous week 
Vary  𝑇!"#_!"# Average annual extreme minimum 
temperature 
Vary Input parameter 𝜓! The minimum water potential for 
switchgrass seed germination in Eq. 
A4 
-0.3 [MPa] Zegada-Lizarazu 
et al. (2007) 𝑇!"#_! The optimal temperature for 
switchgrass seed germination in Eq. 
A5 
-, 298, 303 [K] Zegada-Lizarazu 
et al. (2007) 
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Symbol Definition Valuesa Source 𝑇!"#   _! The maximum temperature for 
switchgrass seed germination in 
Eq.A5 
-, 315, 318 [K] Zegada-Lizarazu 
et al. (2007) 𝑇!"#$   _! The base temperature for switchgrass 
seed germination in Eq. A5 
-, 288, 288 [K] Parrish and Fike 
(2005) 𝜃! Hydro-condition variable for 
switchgrass seed germination in 
Eq.A3 
Vary  
𝜃! Thermal condition variable for 
switchgrass seed germination in Eq. 
A3 
Vary  
𝜓 Mean water potential above top 3cm 
of soil in Eq. A4 
Vary  𝜔 Sensitivity parameter of allocation to 
changes in availability of light, water 
and N  
0.95, 0.8, 0.9 Calibration 
parameter 𝜃! Soil water potential at time step t Vary  𝜃! Soil water potential at the time of 
fully closing stomata 
-275,000, -275,000, -275,000 
[mm] 
Oleson et al. 
(2008) 𝜃! Soil water potential at the time of 
fully opening stomata 
-74,000, -74,000, -74,000 
[mm] 
Oleson et al. 
(2008) 𝜑 Soil porosity of the soil Vary  𝑓! The ice fraction of soil Vary  𝐴𝑙!!  Allocation fraction for leaf carbon 
during seed germination of 
switchgrass in the planting year in 
Eq. A6 
-, 0.30,0.30 Calibration 
parameter 
𝐴𝑟!! Allocation fraction for root carbon 
during seed germination of 
switchgrass in the planting year in 
Eq. A6 
-, 0.70, 0.70 Calibration 
parameter 
𝐴ℎ! Allocation fraction for rhizome 
carbon during emergence stage in Eq. 
A7 
-0.02, -0.02, -0.01 Calibration 
parameter 𝐴𝑙!! Allocation fraction for leaf carbon 
during the emergence stage in Eq. A7 
0.45, 0.60, 0.60 Calibration 
parameter 𝐴𝑠!! Allocation fraction for stem carbon 
during the emergence stage in Eq. A7 
0.25, 0.30, 0.30 Calibration 
parameter 𝐴𝑟!! Allocation fraction for root carbon 
during the emergence stage in Eq. A7 
0.30, 0.10, 0.10 Calibration 
parameter 𝐴𝑙!! Initial allocation fraction for leaf 
carbon during the initial vegetative 
stage  
0.44, 0.50, 0.50 Calibration 
parameter 𝐴𝑠!! Initial allocation fraction for stem 
carbon during the initial vegetative 
stage 
0.20, 0.20, 0.20 Calibration 
parameter 𝐴𝑟!! Initial allocation fraction for root 
carbon during the initial vegetative 
stage 
0.36, 0.30, 0.30 Calibration 
parameter 𝐴𝑙!! Initial allocation fraction for leaf 
carbon during the normal vegetative 
stage 
0.20, 0.30, 0.30 Calibration 
parameter 
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Symbol Definition Valuesa Source 𝐴𝑠!! Initial allocation fraction for stem 
carbon during the normal vegetative 
stage 
0.60, 0.50, 0.60 Calibration 
parameter 𝐴𝑟!! Initial allocation fraction for root 
carbon during the normal vegetative 
stage 
0.20, 0.20, 0.10 Calibration 
parameter 𝐴𝑟ℎ_𝑟!! Initial reallocation fraction from 
rhizome to root during the normal 
vegetative stage in Eq. A8 
0.30, 0.30, 0.30 Calibration 
parameter 𝐴𝑙!! Initial allocation fraction for leaf 
carbon during the initial reproductive 
stage  
0, 0, 0 Calibration 
parameter 𝐴𝑠!! Initial allocation fraction for stem 
carbon during the initial reproductive 
stage 
0,15, 0.10, 0.10 Calibration 
parameter 𝐴𝑝!! Initial allocation fraction for carbon 
in production pool during the initial 
reproductive stage 
0.20, 0.40, 0.40 Calibration 
parameter 𝐴𝑟!! Initial allocation fraction for root 
carbon during the initial reproductive 
stage 
0.65, 0.50, 0.50 Calibration 
parameter 𝐴𝑟ℎ_𝑟!! Initial reallocation fraction from 
rhizome to root during the initial 
reproductive stage in Eq. A8 
0.50, 0.50, 0.50 Calibration 
parameter 𝐴𝑙!! Initial allocation fraction for leaf 
carbon during the post reproductive 
stage 
0, 0, 0 Calibration 
parameter 𝐴𝑠!! Initial allocation fraction for stem 
carbon during the post reproductive 
stage 
0, 0, 0 Calibration 
parameter 𝐴𝑝!! Initial allocation fraction for carbon 
in production pool during the post 
reproductive stage 
0, 0.4, 0.4 Calibration 
parameter 𝐴𝑟!! Initial allocation fraction for root 
carbon during the post reproductive 
stage 
1.0, 0.6, 0.6 Calibration 
parameter 𝐴𝑟ℎ_𝑟!! Initial reallocation fraction from 
rhizome to root during the post 
reproductive stage in Eq. A8 
0.50,0.50,0.50 Calibration 
parameter 𝑆𝐿𝐴! Specific leaf area 0.028, 0.03, 0.03[𝑚!𝑔!!] Dohleman et al. 
(2009) 𝑉!"#$!" Maximum carboxylation rate at the 
reference temperature of 25℃ before 
N recycling adjustment 
58, 38, 45  [𝜇𝑚𝑜𝑙  𝑚!!𝑠!!] Wullschleger et 
al. (1996); 
Dohleman and 
Long (2009); 
Dohleman et al. 
(2009) 𝑚 The slope of regressing stomatal 
conductance on carbon assimilation 
in Ball-Berry equation 
8, 3, 3 Calibrated 
parameter 
b 
 
Minimum stomatal conductance in 
Ball-Berry equation 
0.03, 0.03, 
0.03  [𝑚𝑜𝑙  𝑚!!𝑠!!] Calibrated parameter 
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Symbol Definition Valuesa Source 𝑅𝑤!"# Maximum death rate of green leaves 
due to drought in leaves senescence 
simulation 
0.035, 0.03, 0.035 Calibration 
parameter 𝑇!"#$ Cold temperature threshold for cold-
induced death of green leaves 
283, 285, 285 [K] Sanderson and 
Wolf (1995);  
Parrish and Fike 
(2005); Heaton et 
al. (2010) 𝑘𝑙! Remove fraction of previous 
produced leaf litter in leaves 
senescence simulation 
1.0 Calibration 
parameter 𝑘𝑙! Remove fraction of new produced 
leaf litter in leaves senescence 
simulation 
0.91, 1.0, 1.0 Calibration 
parameter 𝑟𝑙𝑡!"#$ Leaf turnover rate 0.78, 0.68, 0.68 [year] Dohleman et al. 
(2009) 𝑟𝑙𝑡!"#$ Stem turnover rate 1.0, 1.0, 1.0 [year]  𝑟𝑙𝑡!""# Root turnover rate 6.0, 6.0, 6.0[year]  𝑟𝑙𝑡!!!"#$% Rhizome turnover rate 10.0, 10.0, 10.0 [year] Tufekcioglu et al. 
(2003) 𝑅𝑆!"# Minimum root: shoot ratio of crop 0.19, 0.17, 0.17 Barney et al. 
(2009) 𝐶𝑁!"#$ C:N ratio of leaf 61.5, 35, 35 Johnson et al. 
(2007)   𝐶𝑁!"#$ C:N ratio of stem 112, 112, 112 Johnson et al. 
(2007) 𝐶𝑁!!!"#$% C:N ratio of rhizome  65.6, 63, 63 Calculated based 
on Dohleman et 
al. (2012) 𝐶𝑁!""# C:N ratio of root 112, 138, 138 Calculated based 
on Dohleman et 
al. (2012) 𝑘!"## Parameter in Eq. A11 0.06, 0.01, 0.26 Calculated based 
on Clifton-Brown 
(2000); Lemus et 
al. (2002); 
Heaton et al. 
(2010) 𝑚!"## Parameter in Eq. A11 -0.03, -0.10, -0.04  𝑅!"! N recycling rate per unit of Carbon 0.03, 0.01, 0.01 [kg N/kg C] Calculated based 
on Heaton et al. 
(2009) 
aThe dash sign (−) represent that the parameter value is not needed for the specific bioenergy crop 
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TABLE B2. Additional ISAM equations used for bioenergy grasses  
Function  Equations 
Heat requirement 
for flowering  
𝐺𝐷𝐷!! = 𝑚𝑎𝑥𝑖𝑚𝑢𝑚  (900, 454 ln 𝐿𝑎𝑡𝑖𝑡𝑢𝑑𝑒 − 726) Eq.B1 
Soil water 
availability 
𝑊𝑎! = 𝜃𝑡 − 𝜃!𝜃! − 𝜃! 𝜑 − 𝑓!𝜑  Eq.B2 
Carbon storage in 
seed during its 
germination 
𝐶!"#$%&' = 𝐶!""# ∗ (1 + 1.5×θ! ∗ 𝜃!) 
 
Eq.B3 
𝜃! = 𝜓 − 𝜓!                              𝑖𝑓  𝜓 > 𝜓!𝜃! = 0                                                      𝑖𝑓    𝜓 ≤ 𝜓! Eq.B4 𝜃! = 𝑇 − 𝑇!"#$_!    𝑖𝑓  𝑇!"#$_! < 𝑇 < 𝑇!"#_!𝜃! = (𝑇!"#_! − 𝑇!"#$_!)(1 − 𝑇 − 𝑇!"#_!(𝑇!"#   _! − 𝑇!"#_!)     𝑖𝑓  𝑇!"#_! < 𝑇 < 𝑇!"#   _! 
Eq.B5 
Carbon allocation The carbon allocation during seed germination of switchgrass in the planting 
year 𝐶!"#$! = 𝐶!"#$!!! + 𝐶!"#$%&'×𝐴𝑙!!𝐶!""#! = 𝐶!""#!!! + 𝐶!"#$%&'×𝐴𝑟!! 
Eq.B6 
 The carbon allocation during the emergence period 𝐶!"#$! = 𝐶!"#$!!! + 𝐶!!!"#$%!×𝐴ℎ!×𝐴𝑙!!𝐶!"#$! = 𝐶!"#$!!! + 𝐶!!!"#$%!×𝐴ℎ!×𝐴𝑠!!𝐶!!!"#$%! = 𝐶!!!"#$%!!! + 𝐶!!!"#$%!×𝐴ℎ!𝐶!""#! = 𝐶!"!"!!! + 𝐶!!!"#$%!×𝐴ℎ!×𝐴𝑟!!  
Eq.B7 
 The carbon allocation during the initial and post reproductive stages 𝐶!""#! = 𝐶!""#!!! + 𝐶!""#!×𝐴𝑟×𝐴𝑟ℎ_𝑟× 1 −𝑊𝑎𝐶!!!"#$%! = 𝐶!!!"!"#!!! + 𝐶!""#!×𝐴𝑟×(1 − 𝐴𝑟ℎ_𝑟)×𝑊𝑎 
Eq.B8 
Spring frost 
damage  
The mortality of rhizome, root, leaf and stem 𝐿!!"#! = 𝐶!"#$!×𝐹!"#$%𝐿!"#$! = 𝐶!!"#!×𝐹!"#$%𝐿!""#! = 𝐶!!!"!×𝐹!"#$%𝐿!!!"#$%! = 𝐶!!!"#$%!×𝐹!"#$% 
Eq.B9 
 The frost factor for the mortality of rhizome, root, leaf and stem 𝐹!"#$% = 𝑇!"#$% − 𝑇!"#!9         𝑖𝑓   𝑇!"#$! − 𝑇!"#! ≤ 9𝐹!"#$% = 1                                                          𝑖𝑓   𝑇!"#$% − 𝑇!"#! > 9 
Eq.B10 
Over-winter injury The fraction of the rhizome mortality due to over-winter injury 𝐹!"#$_!"#$%&= min  (1.0, (𝑘!"##𝑒(!!"##×(!!"#_!"#!!"#.!")  ))                𝑖𝑓    𝑇!"#_!"# ≤ 𝑇!"#$%0                                                                                              𝑖𝑓    𝑇!"#_!"# >   𝑇!"#$%  
Eq.B11 
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Function  Equations 
Effect of 
photoperiod on 
SLA 
𝑆𝐿𝐴 = 𝑆𝐿𝐴!× 1 − 0.05× 14 − 𝐿!"#   𝐹𝑜𝑟  𝑀𝑖𝑠𝑐𝑎𝑛𝑡ℎ𝑢𝑠    𝑎𝑛𝑑  𝐶𝑎𝑣𝑒 − 𝑖𝑛 − 𝑟𝑜𝑐𝑘𝑆𝐿𝐴 = 𝑆𝐿𝐴!× 1 − 0.05× 𝐿!"# − 12   𝐹𝑜𝑟  𝐴𝑙𝑎𝑚𝑜  Eq.B12 
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TABLE B3. The location (latitude and longitude) and climate (annual mean temperature and 
accumulated precipitation) and soil characteristics of data sites used for model evaluation for 
bioenergy grasses. 
Site 
ID 
Site Stat
e 
Latitud
e 
(°) 
Longitud
e 
(°) 
Soil 
type 
Plant 
hardine
ss zone 
Annual  
mean 
temperatu
re   (℃) 
Annual  
total 
precipi
tation 
(mm) 
Plot 
size 
(m2), 
replicat
ed 
numbe
r 
Reference 
M1 Mead NE 41.17 -96.47 Sandy 
Loam 
5a 9 874 100, 12  Maughan 
et al. 
(2012) 
M2 Adelphia NJ 40.23 -74.25 Sandy 
loam 
7a 12 1167 100, 12 Maughan 
et al. 
(2012) 
M3 Champai
gn 
IL 40.03 -88.23 Flanaga
n silt 
loam 
5b 10.7 1041 100, 12 Maughan 
et al. 
(2012) 
M4 Troy KS 39.77 -95.20 Kenneb
ec silt 
loam 
6a 12.0 973 65, 4 Propheter 
et al. 
(2010) 
M5 Manhatta
n 
KS 39.18 -96.58 Iwan, 
Kenneb
ec and 
Kahola 
silt 
loam 
6a 12.0 943 65, 4 Propheter 
et al. 
(2010) 
M6 Elsberry MO 39.16 -90.79 Menfro 
silt 
loam 
6a 13.0 972 20, 4 Kiniry et 
al. (2012) 
M7 Columbia MO 38.89 -92.19 Mexico 
silt 
loam 
6a 13.2 1025 20, 4 Kiniry et 
al. (2012) 
M8 Lexingto
n 
KY 38.13 -84.50 Silt 
loam 
6a 12.7 1181 100, 12 Maughan 
et al. 
(2012) 
M9 Mt. 
Vernon 
MO 37.07 -93.81 Gerald 
silt 
loam 
6a 14.2 1171 100, 12 Maughan 
et al. 
(2012) 
M10 Stillwater OK 36.12 -96.05 Kirklan
d silt 
loam 
7a 16.7 932  20, 4 Kiniry et 
al. (2012) 
M11 Fayettevil
le 
AR 36.09 -94.11 Pickwic
k 
gravely 
loam 
6b 15.1 1169 
   
20, 4 Kiniry et 
al. (2012) 
M12 Boonevill
e 
AR 35.08 -93.98 Leadval
e silt 
loam 
7b 16.9 1197 -, 4 Burner et 
al. (2009) 
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Site 
ID 
Site Stat
e 
Latitud
e 
(°) 
Longitud
e 
(°) 
Soil 
type 
Plant 
hardine
ss zone 
Annual  
mean 
temperatu
re   (℃) 
Annual  
total 
precipi
tation 
(mm) 
Plot 
size 
(m2), 
replicat
ed 
numbe
r 
Reference 
M13 Nacogdo
ches 
TX 31.50 -94.60 Attoyac 
fine 
sandy 
loam 
8b 20.4 1229 20, 4 Kiniry et 
al. (2013) 
M14 Gainesvil
le 
FL 29.65 -82.33 Urban 
land 
9a 21.7 1271  [71] 
M15 Kingsvill
e 
TX 27.54 -97.85 Cranell 
sandy 
clay 
loam 
9a 23.3 736  20, 4 Kiniry et 
al. (2012) 
M16 Ona FL 27.48 -81.92 Pomona 
fine 
sand 
9b 21.9 1167 - Sollenber
ger et al. 
(2010) 
M17 Belle 
Glade 
FL 26.68 -80.67 Terra 
Ceia 
muck 
10a 24.7 1188 - Sollenber
ger et al. 
(2010) 
C1 Dickinso
n 
ND 46.88 -102.8 Farnuf 
fine 
sandy 
loam 
4a 8.7 326 8.5, 4 Berdahl et 
al. (2005) 
 
C2 Mandan ND 46.80 -100.92 Parshall 
fine 
sandy 
loam 
4a 8.0 314 8.5, 4 Berdahl et 
al. (2005) 
  
C3 Brooking
s 
SD 44.02 -97.09 Omega 
loamy 
sand 
4b 8.2 608 2.9, 4 Casler 
and Boe 
(2003) 
C4 Arlington WI 43.33 -89.38 Plano 
silt 
loam 
4b 8.5 911 4.8, 5 Casler 
and Boe 
(2003) 
C5 Dekalb IL 41.85 -88.85 Flangan 
silt 
loam 
5b 10.9 821 100, 4 Jain et al. 
(2010) 
C6 Champai
gn 
IL 40.08 -88.23 Flanaga
n silt 
loam 
5b 12 1021 100, 4 Dohleman 
et al. 
(2009) 
C7 Orr IL 39.81 -90.82 Clarksd
ale silt 
5b 12.9 1028 100, 4 Jain et al. 
(2010) 
 
C8 Morganto
wn 
WV 39.62 -79.95 Dormo
nt silt 
loam 
6b 11.9 1068 15-20, 
1 
Fike et al. 
(2006a, b) 
C9 Elsberry MO 39.16 -90.79 Menfro 
silt 
loam 
6a 13.0 972  20, 4 Kiniry et 
al. (2012) 
C10 Brownsto
wn 
IL 38.95 -88.96 Cisne 
silt 
loam 
6a 13.9 1079 100, 4 Jain et al. 
(2010) 
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Site 
ID 
Site Stat
e 
Latitud
e 
(°) 
Longitud
e 
(°) 
Soil 
type 
Plant 
hardine
ss zone 
Annual  
mean 
temperatu
re   (℃) 
Annual  
total 
precipi
tation 
(mm) 
Plot 
size 
(m2), 
replicat
ed 
numbe
r 
Reference 
C11 Columbia MO 38.89 -92.19 Mexico 
silt 
loam 
6a 13.2 1025 20, 4 Kiniry et 
al. (2012) 
C12 Fairfield IL 38.35 -88.35 Cisne 
silt 
loam 
6a 14.3 1145 100, 4 Jain et al. 
(2010) 
C13 Dixon 
Spring 
IL 37.45 -88.67 Granstb
urg silt 
loam 
6b 13.8 1150 100, 4  [3] 
C14 Princeton KY 37.10 -87.82 Tilsit 
series 
6b 15.1 1261 20, 4 Fike et al. 
(2006a, b) 
C15 Mr. 
Vernon 
MO 37.07 -93.81 Gerald 
silt 
loam 
6a 14.2 1171 20, 4 Kiniry et 
al. (2012) 
C16 Stillwater OK 36.12 -96.05 Kirklan
d silt 
loam 
7a 16.7 932  20, 4 Kiniry et 
al. (2012) 
C17 Fayettevil
le 
AR 36.09 -94.11 Pickwic
k 
gravely 
loam 
6b 15.1 1169 20, 4 Kiniry et 
al. (2012) 
C18 Knoxville TN 35.88 -83.95 Etowah 
clay 
loam 
7a 14.0 1267 15-20, 
1 
Fike et al. 
(2006a, b) 
C19 Raleigh NC 35.72 -78.67 Cecil 
sandy 
loam 
7b 15.5 1140 15-20, 
1 
Fike et al. 
(2006a, b) 
C20 Jackson TN 35.62 -88.83 Deanbu
rg silt 
loam 
7a 15.5 1335 15-20, 
1 
Fike et al. 
(2006a, b) 
C21 Chickash
a 
OK 35.03 -97.91 McLain 
silt 
loam 
7a 16.0 798 18, 3 Fuentes 
and 
Taliaferro 
(2000) 
C22 Dallas TX 32.97 -97.27 Housto
n black 
clay 
8b 18.8 943 18,2  Sanderson 
et al. 
(1999) 
C23 Nacogdo
ches 
TX 31.50 -94.60 Attoyac 
fine 
sandy 
loam 
8b 20.4 1229  20, 4 Kiniry et 
al. (2012) 
C24 Temple TX 31.06 -97.22 Housto
n black 
clay 
8b 21 895 18, 2 Sanderson 
et al. 
(1999) 
C25 College 
station 
TX 30.60 -96.35 Weswo
od silt 
clay 
loam 
8b 20.5 993 18, 2 Sanderson 
et al. 
(1999) 
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Site 
ID 
Site Stat
e 
Latitud
e 
(°) 
Longitud
e 
(°) 
Soil 
type 
Plant 
hardine
ss zone 
Annual  
mean 
temperatu
re   (℃) 
Annual  
total 
precipi
tation 
(mm) 
Plot 
size 
(m2), 
replicat
ed 
numbe
r 
Reference 
C26 Beeville TX 28.4 -97.7 Parrita 
sandy 
clay 
loam 
and a 
Coy 
clay 
9a 21.2 783 12, 2 Sanderson 
et al. 
(1999) 
C27 Kingsvill
e 
TX 27.54 -97.85 Cranell 
sandy 
clay 
loam 
9a 23.3 736  20, 4 Kiniry et 
al. (2012) 
C28 Weslaco TX 26.22 -98.13 Hidalgo 
sandy 
clay 
loam 
9b 24.5 645  20, 4 Kiniry et 
al. (2012) 
A1 Morganto
wn 
WV 39.62 -79.95 Dormo
nt silt 
loam 
6b 11.9 1068 15-20, 
1 
Fike et al. 
(2006a, b) 
A2 Elsberry MO 39.16 -90.79 Menfro 
silt 
loam 
6a 13.0 972  20, 4 Kiniry et 
al. (2012) 
A3 Columbia MO 38.89 -92.19 Mexico 
silt 
loam 
6a 13.2 1025 20, 4 Kiniry et 
al. (2012) 
A4 Orange VA 38.22 -78.12 Davids
on clay 
7a 13.2 1101 15-20, 
1 
Fike et al. 
(2006a, b) 
A5 Blacksbu
rg 
VA 37.18 -80.42 Shotto
wer 
loam 
6b 11.3 937 15-20, 
1 
Fike et al. 
(2006a, b) 
A6 Princeton KY 37.10 -87.82 Tilsit 
series 
6b 15.1 1261 15-20, 
1 
Fike et al. 
(2006a, b) 
A7 Mt. 
Vernon 
MO 37.07 -93.81 Gerald 
silt 
loam 
6a 14.2 1171 20, 4 Kiniry et 
al. (2012) 
A8 Stillwater OK 36.12 -96.05 Kirklan
d silt 
lam 
7a 23.3 932 20, 4 Kiniry et 
al. (2012) 
A9 Fayettevil
le 
AR 36.09 -94.11 Pickwic
k 
gravely 
loam 
6b 15.1 1169  20, 4 Kiniry et 
al. (2012) 
A10 Knoxville TN 35.88 -83.95 Etowah 
clay 
loam 
7a 14.0 1267 15-20, 
1 
Fike et al. 
(2006a, b) 
A11 Raleigh NC 35.72 -78.67 Cecil 
sandy 
loam 
7b 15.5 1140 15-20, 
1 
Fike et al. 
(2006a, b) 
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Site 
ID 
Site Stat
e 
Latitud
e 
(°) 
Longitud
e 
(°) 
Soil 
type 
Plant 
hardine
ss zone 
Annual  
mean 
temperatu
re   (℃) 
Annual  
total 
precipi
tation 
(mm) 
Plot 
size 
(m2), 
replicat
ed 
numbe
r 
Reference 
A12 Jackson TN 35.62 -88.63 Deanbu
rg silt 
loam 
7a 15.5 1335 15-20, 
1 
[55, 74] 
A13 Hope AR 33.67 -93.58 Bowie 
loam 
sandy 
8aloam 
8a 18.9 1285 18, 4  Cassida et 
a. (2005) 
A14 Dallas TX 32.97 -97.27 Housto
n black 
clay 
8b 18.8 943 18, 2  Sanderson 
et al. 
(1999) 
A15 Stephenvi
lle 
TX 32.22 -98.20 Windth
orst  
fine 
sandy 
loam 
8a 19.8 666 18, 4 Cassida et 
a. (2005) 
A16 Nacogdo
ches 
TX 31.50 -94.60 Attoyac 
fine 
sandy 
loam 
8b 20.4 1229  20, 4 Kiniry et 
al. (2013) 
A17 Temple TX 31.06 -97.22 Housto
n Black 
clay 
8b 21.0 895 18, 2 Sanderson 
et al. 
(1999) 
A18 Clinton LA 30.85 -90.05 Dexter 
silt 
loam 
8b 20.4 1428 18, 4 Cassida et 
a. (2005) 
A19 College 
station 
TX 30.60 -96.35 Weswo
od silt 
clay 
loam 
8b 20.5 993 
 
18, 2 Sanderson 
et al. 
(1999) 
A20 Beeville TX 28.40 -97.7 Parrita 
sandy 
clay 
loam 
and a 
Coy 
clay 
9a 21.2 783 12, 2 Sanderson 
et al. 
(1999) 
A21 Kingsvill
e 
TX 27.54 -97.85 Cranell 
sandy 
clay 
loam 
9a 23.3 736  20, 4 Kiniry et 
al. (2012) 
A22 Weslaco TX 26.22 -98.13 Hidalgo 
sandy 
clay 
loam 
9b 24.5 645  20, 4 Kiniry et 
al. (2012) 
The sign (−) in the table means this information about plots size/replicated numbers is not available 
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APPENDIX C 
 
TABLE C1. Additional ISAM equations presented in Chapter 4. 
Function  Equations 
Macropores 
fraction in the 
surface layer of 
the soil 
 
𝜃!!"#_!"#$% = 0.20                                                                                                                  𝑓𝑜𝑟  𝑓𝑜𝑟𝑒𝑠𝑡𝑠0.10                                                                                                    𝑓𝑜𝑟  𝑔𝑟𝑎𝑠𝑠𝑙𝑎𝑛𝑑𝑠0.12  𝑓𝑜𝑟  𝑓𝑜𝑜𝑑  𝑐𝑟𝑜𝑝𝑠  𝑎𝑛𝑑  𝑏𝑖𝑜𝑒𝑛𝑒𝑟𝑔𝑦  𝑔𝑟𝑎𝑠𝑠𝑒𝑠  
Eq.C1 
Macropores 
fraction for the jth 
soil layer 
𝜃!"#$%! = 𝜃!"#$_!"#$%×𝑒!!"(!) 
Here z(j) is the depth of the root in the jth soil layter 
Eq.C2 
Hydraulic 
conductivity at 
saturation for 
macroscopic soil 
in the jth soil layer 
𝜎!"#$%! = (𝜃!"#$_!"#$% 0.2)! Eq.C3 
The minimum 
suction for 
macroscopic soil in 
the jth soil layer 
𝑆!"#$%! = 𝑆!"#$%!/(1 + 50× 𝜃!"#!!"#$%) 
Here 𝑆!"#$%! is the minimum suction for microscopic soil in the jth soil layter  
Eq.C4 
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FIGURE C1 Spatial distribution of mean biomass yield over the time 2001-2012 (a, b, c), yield 
zones (d, e, f) and mean water stress during the growing season (g, h, i) for Miscanthus (a, d, g), 
Cave-in-Rock (b, e, h) and Alamo (c, f, i) in the US. The region with gray color is the region 
where bioenergy grasses cannot survive. The zones are defined as HS: high and stable; HU: high 
and unstable; LU: low and unstable; LS: low and stable yield zones. The spatial distribution of 
yield zone is from Song et al. (2014).  
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FIGURE C2. Fraction area for (a) temperate evergreen forest, (b) temperate deciduous forest, 
(c) grassland and pasture, (d) C4 crops, (e) C3 crops and (f) other land cover types (shrubland, 
urban and bareground) at each 0.5° × 0.5° grid cell over the continent US. The figure is based on 
land cover data for year 2000 (Meiyappan and Jain, 2012). 	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APPENDIX D 
TABLE D1. Major Processes and corresponding parameters that are added/modified/calibrated 
for carbon and nitrogen dynamic of   bioenergy grasses in Chapter 5  
Calibrated 
Process 
Equations  
N fixation for 
Miscanthus 
𝑁! = (𝑁! − 𝑁!)×𝑓!×𝑓!"×min  (𝑓!" , 𝑓!")     Eq.D1 
The growth stage factor  
𝑓! = 6.67×𝐻𝑈𝐼 − 1        𝑖𝑓  0.15 < 𝐻𝑈𝐼 ≤ 0.30  1.0                                              𝑖𝑓  0.3 < 𝐻𝑈𝐼 ≤ 0.553.7 − 5.0×𝐻𝑈𝐼        𝑖𝑓  0.55 < 𝐻𝑈𝐼   ≤ 0.750                                  𝑖𝑓  𝐻𝑈𝐼 ≤ 0.15  𝑜𝑟  𝐻𝑈𝐼 > 0.75    
Eq.D2 
The soil water limitation factor 
 𝑓!" = !"#$!.!" = !"!.!"×!                                                               
Eq.D3 
The soil nitrate limitation factor 𝑓!" = 1                                                𝑖𝑓  𝑀!"! ≤ 1001.5 − 0.0005×𝑀!"!      𝑖𝑓  100 <   𝑀!"! ≤ 3000                                                𝑖𝑓  𝑀!"! > 300        
Eq.D4 
The soil pH limitation factor 𝑓!" = 0                      𝑖𝑓    𝑆!"   ≤ 𝑠!"!𝑘×(𝑆!" − 𝑠!"!)      𝑖𝑓  𝑠!"! < 𝑆!" ≤ 𝑠!"!1.0      𝑖𝑓  𝑆!" > 𝑠!"!      
Eq.D5 
N demand for 
bioenergy 
grasses 
𝑁! = ∆𝐶!×(𝐶𝑁)!!   Eq.D6 (𝐶𝑁)!! = (𝐶𝑁)!"#! + 𝑘!!×   𝐻𝑈𝐼 − 𝐻𝑈𝐼!         𝑓𝑜𝑟  𝑙𝑒𝑎𝑓  𝑎𝑛𝑑  𝑠𝑡𝑒𝑚max(min 𝐶𝑁 !"#! ,𝐶𝑁 , (𝐶𝑁)!"#!)        𝑓𝑜𝑟  𝑟𝑜𝑜𝑡  𝑎𝑛𝑑  𝑟ℎ𝑖𝑧𝑜𝑚𝑒 
 
Eq.D7 
𝑘!! = !"!"#!!!"!"#!!"#!!!"#!    Eq.D8 
Spring N 
remobilization  
𝑁!" =min( 𝑎!"×𝑁!!!"#$%& − 𝑏!" ×10!! ,𝑁!)              𝑖𝑓  𝑁!!!"#$%& ≤   𝐶!!!"#!"#/(𝐶𝑁)!"#!!!"#$%&0                                      𝑖𝑓  𝑁!!!"#$%&     > (𝐶𝑁)!"#!!!"#$%&       
Eq.D9 
 
Autumn N 
remobilization 
𝑁!"
= min( 𝑎!"×𝑁!"#!$ − 𝑏!" ×10!!,𝑁!)  𝑖𝑓  (𝑁!"#!" ≤ ( 𝐶!"#$𝐶𝑁 !"#!"#$ + 𝐶!"#$(𝐶𝑁)!"#!"#$)  0                      𝑖𝑓    𝑁!"#!$ > ( 𝐶!"#$𝐶𝑁 !"#!"#$ + 𝐶!"#$(𝐶𝑁)!"#!"#$)  
Eq.D10 
Aboveground 
litter 
decomposition 
Partitioning of litter between aboveground metabolic litter pool (AGML) and 
aboveground structural litter pool (AGSL) 𝑓!"#$ = 𝑎!" − 𝑏!"×(𝐿!" 𝑁!")    
Decomposition of AGML and AGSL pools ∆𝐿! = −𝐾!"×𝐿!×  𝑓𝐴 𝑇 ×𝑓𝐴 𝑊 ×𝑓(𝐿𝑖𝑔)×𝑓(𝑁)  
Eq.D11 
 
Eq.D12 
 
 
Belowground 
litter 
decomposition 
Partitioning of litter between belowground decomposable litter pool (BGDL) and 
belowground resistant litter pool (BGRL) 𝑓!"#$ = 𝑐!" − 𝑑!"×(𝐿!" 𝑁!")        Eq.D13 
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TABLE D2. The calibrated values for parameters appeared in Table D1. The three values 
separated by comma (,) in the ‘Values’ column are for Miscanthus, Cave-in-Rock, and Alamo. 
Symbol Definition Valuesb Source 𝑠!"! Parameter in Eq. D5 5.0 Calibrated 𝑠!"!	   Paameter in Eq. D5 6.0 Calibrated k	   Paramenter in Eq. D5 1.0 Calibrated 𝐶𝑁!"#$ 	   Ponteial mamximum C/N ratio of 
bioenergy grass 
[62 265 160 160 200]a,  
[50 180 120 120 200]a,  
[50 200 120 120 200]a 
 
Schwarz et al.[1994];  
Beale & Long [1997];  
Himken et al.[1999];  
Vogel et al. [2002];  
Adler et al. [2006];  
Fike et al. [2006a, b];  
Mulkey et al. [2006];  
Lemus et al. [2008a, b];  
Heaton et al.[2009];  
Yang et al.[2009];G 
uretzky et al. [2011];  
Strulla et al. [2011];  
Kering et al. [2012];  
Cadoux et al. [2012] 
𝐶𝑁!"#" 	   Pontential mnimum C/N ratio of 
bioenergy grass 
[15 32 41 41 16]a,  
[22 25 33 33 22]a,   
[22 25 33 33 22]a, 
HUIe	   Heat unit index at the emergence 
period 
0.12, 0.14, 0.14 Song et al. (2014) HUIm	   Heat unit index at the maturity of 
bioenergy grasses 
1.0, 1.0, 1.0 Song et al .(2014) asr	   Parameter in Eq.D9 0.0094, 0.0047; 0.0067 
[kg N/ha/day] 
Strullu et al. [2011] for 
Miscanthus and calibrated 
for CIR and Alamo 
 
bsr	   Parameter in Eq.D9 0.23, 0.047, 0.015 
[kgN/ha/week] aar	   Paramter in Eq.D10 0.0039, 0.0020, 0.0028 
[kgN/ha/week] bar	   Paramter in Eq.D10 0.073, 0.0025, 0.001  
[kgN/ha/week] aml	   Paramter in Eq.D11 
 
0.85, 0.85, 0.85 bml	   Parameter in Eq. D11 0.07. 0.07, 0.07 Calibrated Kag	   Parameter in Eq. D12 [2, 36]c, [2, 36]c, [2, 36]c Calibrated cml	   Parameter in Eq. D13 0.74, 0.74, 0.74 Calibrated dml	   Parameter in Eq. D13 0.021, 0.021, 0.021 Calibrated 
aThe 𝐶𝑁!"#$  and  𝐶𝑁!"#" values grouped by brackets ([ ]) in “Values” column are for leaves, stem, fine root, 
coarse root and rhizome of each bioenergy grass respectively.  
bThe three values, which are separated by comma (,) in “Values” column,  refer to the values for Miscanthus, Cave-
in-Rock and Alamo respectively. 
cThe Kag Values grouped by bracket ([ ])  in “Values” column are for AGML pool and AGSL pool respectively. 
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TABLE D3. The variables appeared in Table D1.  
Symbol Definition Unit 𝑁! Biological N fixation rate by Miscanthus kg N m-2 week-1 𝑁! N demand for carbon assimilation of bioenergy grasses kg N m-2 week-1 𝑁! N translocation rate rate for bioenergy grasses kg N m-2 week-1 𝑓! The effect of the growth stage of bioenergy grasses on BNF by 
Miscanthus 
Unitless 𝑓!" The soil water limitation factor on BNF by Miscanthus Unitless 𝑓!" The soil nitrate limitation factor on BNF by Miscanthus Unitless 𝑓!" The soil pH limitation factor on BNF by Miscanthus Unitless 
HUI Heat unit index for the growth of bioenergy grass Unitless 
WFPS Water filled pore space of the upper 30cm of soils Unitless 
SW Soil water content in the upper 30cm of soils m3 m-3 
θ Soil poroposity in the upper 30cm of soils m3 m-3 𝑀!"! Nitrate concentrtation in the root zone of the soil Kg N ha-1 𝑆!" The soil pH value Unitless ∆𝐶! Increamented carbon in carbon pool of plant tissue i (i refers to 
leaf, stem, rhizomes and roots of bioenergy grasses) 
Kg C m-2 week-1 𝐶𝑁!! Ponteial C/N ratio of plant tissue i (i refers to leaf and stem) of 
bioenergy grass under no N limiting condition 
Unitless 
CN Actual C/N ratio of plant tissue i (i refers to roots and rhizomes) of 
bioenergy grass 
 𝑘!! The linearly change rate of potential C/N ratio of plant tissue i (i 
refers to leaf and stem of bioenergy grass) during the growing 
season, appeared in Eqs. D7-D8 
Unitless 
Nsr Spring N translocation rate for bioenergy grasses kg N m-2 week-1 
Nar Autumn N translocation rate for bioenergy grasses kg N m-2 week-1 
Nrhizomes N stock in rhziomes of bioenergy grasses when bieoenrgy grasses 
start to emerge 
kg N m-2 
Nagmax Maximum N stock in the aboveground biomass of bioenergy 
grasses during the summer 
kg N m-2 
Ci Carbon amount in plant tissue i (i refers to leaf, stem, rhizomes 
and roots respectively) 
kg C m-2 
fmlag Partitioning of litter between AGML and AGSL Unitless 
fmlbg Partitioning of litter between BGDL and BGRL Unitless 
Lag Lignin concentration in the aboveground litter Unitless 
Lbg Lignin concentration in the belowground litter Unitless 
Nag N concentration in the aboveground litter Unitless 
Nbg N concentration in the belowground litter Unitless ∆𝐿! The change in carbon concent of aboground soil and litter pools m 
(m refers to AGML pool and AGSL pool respectively) 
kg C m-2 week-1 
Lm Carbon concent of aboground soil and litter pools m (m refers to 
AGML pool and AGSL pool respectively) 
kg C m-2 
fA(T) The temperature control factor for decomposition of litter and soil 
organic matter pools as described in Eq.8b of Yang et al. (2009) 
Unitless 
fA(W) The soil water control factor for decomposition of litter and soil 
organic matter pools as described in Eq.8c of Yang et al. (2009) 
Unitless 
f(Lig) The lignin concentration factor for decomposition of litter and soil 
organic matter pools as described in Eq.9 of Yang et al. (2009) 
Unitless 
f(N) The N limiting factor for decomposition of litter and soil organic 
matter pools as described in Eq. 11e of Yang et al. (2009) 
Unitless 
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TABLE D4. Sites used for model calibrating and validating yield response of bioenergy grasses 
to N fertilizer. 
Bioenergy 
grasses 
Site State Latitude 
(°) 
Longitude 
(°) 
Plant 
age 
(year) 
N fertilizer level 
(kgN/ha/yr) 
Reference 
Miscnathu
s 
Dekalb IL 41.85 -88.85 8 0,56,112,224 Arundale et al. 
(2012) 
Urbana 1a IL 40.85 -88.23 10 0,56,112,224 Arundale et al. 
(2012) 
Dixson 
Springs 
IL 37.45 -88.67 8 0,56,112,224 Arundale et al. 
(2012) 
Havanaa IL 40.30 -89.94 8 0,56,112,224 Arundale et al. 
(2012) 
Orr IL 39.81 -90.82 8 0,56,112,224 Arundale et al. 
(2012) 
Brownstow
n 
IL 38.95 -88.96 8 0,56,112,224 Arundale et al. 
(2012) 
Fairfield IL 38.38 -88.39 8 0,56,112,224 Arundale et al. 
(2012) 
Urbana 2 IL 40.85 -88.23 4 0,60,120 Maughan et al. 
(2012); David 
et al. (2014) 
Lexingtona KY 38.13 -84.50 4 0,60,120 Maughan et al. 
(2012); David 
et al. (2014) 
Meada NE 41.17 -96.47 4 0,60,120 Maughan et al. 
(2012); David 
et al. (2014) 
Adelphia NJ 40.23 -74.25 4 0,60,120 Maughan et al. 
(2012); David 
et al. (2014) 
Gretna VA 36.93 -79.40 4 0,60,120 Maughan et al. 
(2012); David 
et al. (2014) 
Mills River NC 35.42 -82.56 3 0, 45, 90, 135 Maughan et al. 
(2012); David 
et al. (2014) 
Oxford NC 36.33 -78.66 2 0, 45, 90, 135 Maughan et al. 
(2012); David 
et al. (2014) 
Burneyville OK 33.88 -97.27 2 0, 56,112,168 Kering et al. 
(2012) 
Alamo Stephenvill 
1a 
TX 32.22 -98.20 7 0,56,112,168,224 Muri et al. 
(2001) 
Stephenvill 
2 
TX 32.20 -98.20 6 0,56,112,168,224 Muri et al. 
(2001) 
Beevillea TX 28.45 -97.70 4 0,56,112,168,224 Muri et al. 
(2001) 
Burneyvill 
1 
OK 33.88 -97.27 3 0,56,112,168 Kering et al. 
(2012) 
Burneyvill 
2 
OK 33.89 -97.29 3 0,45,90,135,180,225 Guretzky et al. 
(2011) 
Frederick OK 34.23 -98.85 4 0,45,90,135,180,225 Guretzky et al. 
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Bioenergy 
grasses 
Site State Latitude 
(°) 
Longitude 
(°) 
Plant 
age 
(year) 
N fertilizer level 
(kgN/ha/yr) 
Reference 
(2011) 
Stillwater OK 36.17 -97.08 4  Haque et al.  
(2009) 
Shortera AL 32.40 -84.94 4 0,112,224 Ma et al. 
(2001) 
Cave-in-
Rock 
Dekalb IL 41.85 -88.85 8 0,56,112,224 Arundale et al. 
(2012) 
Urbanaa IL 40.85 -88.23 10 0,56,112,224 Arundale et al. 
(2012) 
Dixson 
Springs 
IL 37.45 -88.67 8 0,56,112,224 Arundale et al. 
(2012) 
Havanaa IL 40.30 -89.94 8 0,56,112,224 Arundale et al. 
(2012) 
Orr IL 39.81 -90.82 8 0,56,112,224 Arundale et al. 
(2012) 
Brownstow
n 
IL 38.95 -88.96 8 0,56,112,224 Arundale et al. 
(2012) 
Fairfield IL 38.38 -88.39 8 0,56,112,224 Arundale et al. 
(2012) 
Lucas IA 40.91 -93.38 15 0,56,112,224 Lemus et al. 
(2008a) 
Wayne IA 40.83 -93.25 15 0,56,112,224 Lemus et al. 
(2008a) 
Ames IA 40.03 -93.62 4 0,60,120,180,240,30
0 
Vogel et al. 
(2002) 
Meada NE 41.17 -96.47 4 0,60,120,180,240 Vogel et al. 
(2002) 
Moody SD 44.17 -96.68 15 0,56,112,224 Mulkey et al. 
(2006) 
Marshall SD 45.83 -97.33 16 0,56,112,224 Mulkey et al. 
(2006) 
Gregorya SD 43.72 -99.75 12 0,56,112,224 Mulkey et al. 
(2006) 
Blacksburg VA 37.18 -80.42 4 0,90,180,270 Lemus et al. 
(2008b) 
Orange VA 38.22 -78.12 4 0,90.180.270 Lemus et al. 
(2008b) 
asites used for calibration, and the rest of sites used for validation.  
  
Table D4 (Cont.) 
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TABLE D5. Sites for belowgournd carbon stock validation 
Bioenerg
y grasses 
Site State Latitude 
(°) 
Longit
ude (°) 
Historic
al land 
cover 
Plant 
age 
(Year) 
Measure
ment 
depth 
(cm) 
Measured 
plant tissue 
Referenc
e 
Miscanth
us 
Urbana IL 40.06 -88.20 Crops 4 100 Root & 
rhizome 
Dohelm 
et al. 
(2012); 
Anderso
n-
Teixerir
a et al. 
(2013) 
7 100 Root & 
rhizome 
Alamo Morganto
wn 
WV 39.62 -79.95 Grasslan
d 
5 30 Coarse root McLaug
hlin and 
Kszos 
(2005) 
10 30 Coarse root McLaug
hlin and 
Kszos 
(2005) 
Blacksburg VA 37.18 -80.42 Grasslan
d 
5 30 Coarse root McLaug
hlin and 
Kszos 
(2005) 
10 30 Coarse root McLaug
hlin and 
Kszos 
(2005) 
Princeton KY 37.10 -87.82 Crops 5 40 Coarse root Garten 
and 
Wullschl
eger 
(1999) 
Knoxville TN 35.88 -83.95 Grass 5 30 Coarse root McLaug
hlin and 
Kszos 
(2005) 
10 30 Coarse root McLaug
hlin and 
Kszos 
(2005) 
Jackson TN 35.72 -78.67 Crops 6 40 Coarse root Garten 
and 
Wullschl
eger 
(1999) 
Belle Mina AL 34.65 -86.88 Crops 4 150 Root & 
rhizome 
Ma et al. 
(2000c) 
Crossville AL 34.29 -85.99 Pasture 4 150 Root & 
rhizome 
Ma et al. 
(2000c) 
Camp Hill AL 32.80 -85.65 Pasture 4 150 Root & 
rhizome 
Ma et al. 
(2000c) 
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Bioenerg
y grasses 
Site State Latitude 
(°) 
Longit
ude (°) 
Historic
al land 
cover 
Plant 
age 
(Year) 
Measure
ment 
depth 
(cm) 
Measured 
plant tissue 
Referenc
e 
 
Auburn AL 32.60 -85.48 Pature 4 75 Root & 
rhizome 
Bransby 
et al. 
(1998) 
Tallassee AL 32.54 -85.89 Fallow 4 150 Root & 
rhizome 
Ma et al. 
(2000c) 
Shorter AL 32.40 -85.94 Pasture 2 300 Root & 
rhizome 
Ma et al. 
(2000b, 
c, 2001) 3 300 Root & 
rhizome 
4 120 Root & 
rhizome 
8 330 Root & 
rhizome 
Fairhope AL 30.53 -87.90 Crops 4 150 Root & 
rhizome 
Ma et al. 
(2000c) 
Cave-in-
Rock 
Webster IA 42.46 -93.82 Crops 25 30 Coarse root Al-Kaisi 
and 
Grote 
(2007) 
Boone IA 41.92 -93.75 Grasslan
d 
3 30 Root & 
rhizome 
Ontl et 
al. 
(2013) 
Urbana IL 40.06 -88.20 Crops 4 100 Root & 
rhizome 
Dohelm 
et al. 
(2012); 
Anderso
n-
Teixerir
a et al. 
(2013) 
7 100 Root & 
rhizome 
Shorter AL 32.40 -85.94 Pasture 8 330 Root & 
rhizome 
Ma et al. 
(2000c) 
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TABLE D6. Sites for heterotrophic respiration (Rh), net ecosystem emission (NEE) and N2O 
emission validations 
Variables Site State Latitude 
(°) 
Longitude 
(°) 
Historical 
land 
cover 
Bioenergy 
grass 
Plant 
age 
(Year) 
Reference 
Rh Urbana 
1a 
IL 40.06 -88.20 Crops Miscanthus 3 Anderson-
Teixerira et 
al. (2013) 
Cave-in-
Rock 
4 Anderson-
Teixerira et 
al. (2013) 
Urbana2a IL 40.06 -88.20 Crops Miscanthus 5 Davis et al. 
(2014) 
Ligonierb PA 40.31 -79.11 Pasture Cave-in-
Rock 
4 Skinner and 
Adler 
(2010) 
Shortera AL 32.40 -85.94 Pasture Alamo 3 Ma et al. 
(2000b) 
Camp 
Hilla 
AL 32.80 -85.65 Pasture Alamo 3 Ma et al. 
(2000b) 
NEE Urbanac IL 40.06 -88.20 Crops Miscanthus 3 Anderson-
Teixerira et 
al. (2013) 
Cave-in-
Rock 
3 Anderson-
Teixerira et 
al. (2013) 
Kelloggd MI 42.40 -85.40 Crops Cave-in-
Rock 
2 Zenone et 
al. (2013) 
Grassland Cave-in-
Rock 
2 Zenone et 
al. (2013) 
Ligonierd PA 40.31 -79.11 Pasture Cave-in-
Rock 
4 Skinner and 
Adler 
(2010) 
N2O Urbana 1 IL 40.06 -88.20 Crops Miscanthus 3 Smith et al. 
(2013) 
Cave-in-
Rock 
4 Smith et al. 
(2013) 
Urbana 2 IL 40.06 -88.20 Crops Miscanthus 5 Davis et al. 
(2014) 
Ithaca NE 41.15 -96.40 Crops Cave-in-
Rock 
14 Ahlschwede 
et al. (2013) 
aBoth heterotrophic respiration and root respiration are measured and included. 
bEcosystem respiration is measured in this specific site. 
cNEE with consideration of harvested carbon removal. 
dBoth NEE with harvested carbon removal and without harvested carbon removal are calculated. 
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FIGURE D1. Modeled and measured response of Miscanthus yields to N fertilizer at Mead, NE 
site. Modeled result is respectively from the model without and with N fixation process for 
Miscanthus. 
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FIGURE D2. Applied N fertilizer rate for Miscanthus, Alamo, and Cave-in-Rock switchgrass 
respectively.  
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